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Modelling of rainfall-runoff is considered one of the prerequisite of hydrological processes for
various applications involving conservation and management of water resources. In this study,
two techniques that is Multi-Layer Perceptron (MLP) neural network, which is well known
efficient Artificial Neural Network (ANN), and Multi-Linear Regression (MLR) were applied
for modelling daily rainfall-runoff and results obtained were compared. In order to simulate
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Rainfall; Runoff ; Watershed the processes, time series monsoon data of ten years (2000-2009) of rainfall and runoff at

Bino watershed in Almora and Pauri Garhwal districts of Uttarakhand, India were used. In
addition, Gamma Test (GT) was used for identifying the best input combinations for rainfall-
runoff modelling. Performance of models was evaluated qualitatively as well as quantitatively
employing statistical indices viz. correlation coefficient (r), root mean square error (RMSE)
and coefficient of efficiency (CE), both for training as well as testing. Different MLP based
ANN models were developed with the change of number of neurons and hidden layers and
best model among them was selected based on performance indices. The same inputs were
used to develop MLR model. The r, RMSE and CE values of best performing MLP model
were found to be 0.95, 1.27 (mm) and 0.88, respectively during training while their
corresponding values during testing were determined to be 0.92, 0.96 (mm) and 0.80. The
comparison of both MLP and MLR models reveals that MLP based ANN is superior in
performance for rainfall-runoff modelling and able to predict the daily runoff with good

accuracy for the study area.

1. Introduction exhibits both temporal and spatial variability. Therefore,

different hydrological models have been developed for

simulating such a hydrological process such as conceptual,

The accurate estimation of hydrological

phenomena such as rainfall-runoff processes is one of the
primary requirements for water resource planning and land
use management like designing of dams, reservoir
management, prediction of risks, potential losses caused
by flooding and drought on water resources systems.
Because of its non-linear, multi-dimensional and inter-
relationships  nature of underlying climatic and
physiographic factors, modelling of rainfall-runoff is

extremely complex and it

*Corresponding author: linthoich@gmail.com

physically based distributed models and black box models.
Physically based distributed models attempt to provide all
the processes through the application of physical laws within
the desired hydrological system. In a rigorous theoretical

sense, these models can be considered a better choice.

2. Materials and Methodologies

However, the significant data requirements of such

models, coupled with longer time taken in model

development, calibration and validation compared to other
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model categories, make them an unfavourable choice in
operational hydrology (Gautam et al, 2000). Conceptual
models are developed based on confined studies of the
existed processes in basin hydrology unlike the physically-
based models whose development is based on all physical
2013a). These models are
applicable where there is limited data requirements and

processes (Lafdani er al.,

inclusion of a conceptual framework, but require a lengthy
calibration, rigorous parameterization process (Duan et al.,
1992) and sophisticated mathematical tools (Sorooshian et
al., 1993). While in case of black box models, they do not
clearly consider the physical laws of the processes and only
convert inputs to output values through the conversion
function in ways that have nothing to do with what
happening in reality (Leavesley et al., 2002). In such cases,
with high degree of complexity and uncertainty where it is
difficult to consider every effective physical parameter, it is
not a surprising fact that black box models may produce
more accurate results than physical based models (Nourani
and Komasi 2013). Artificial Neural Network (ANN) which
is such a black box modelling tool that have been found
applicable frequently in last few decades in a variety of areas
due to its great flexibility and adaptive nature in modelling
and predicting the non-linear processes such as rainfall-
runoff processes overcoming the limitations associated with
conceptual and physical based approaches. ANN is a self-
learning and self-adaptive universal approximator that has
been applied as a successful tool to solve various problems
concerned with hydrology and water resources engineering
(ASCE 2000a, b). Extensive review on concepts and
applications of ANN
forecasting have been reported in ASCE (2000a, b),
Govindaraju and Rao (2000), Dawson and Wilby (2001).

Numerous studies have been conducted by many researchers

in hydrologic simulation and

around the world so far for modelling hydrological
phenomena using ANN (French et al.,, 1992; Karunanithi et
al., 1994; Fernando and Jayawardena 1998; Minns and Hall
1996; Tokar and Johnson 1999; Tingsanchali and Gautam
2000; Sarangi and Bhattacharya 2005; Chen et al., 2006;
Nourani et al, 2009a, b; Kisi et al.,, 2013). Above studies
explained the capability of ANN superior than the
conventional models without requiring an explicit
description of the complex nature of the underlying process
in a mathematical form. This is one of the main advantages
of the ANN approach over traditional methods (Sudheer et
al., 2002). Rajurka (2004) stated that the application of an
ANN for rainfall-runoff modelling started with a preliminary
study by Halff et al. (1993) using a three layer feed forward
ANN for the hydrographs prediction. Since then, many
studies have been carried out in the field of rainfall-runoff
modelling using ANN. Raman and Sunil kumar (1995)

conducted a study for modelling

multivariate monthly hydrologic time series using ANNs and
the results were compared with those obtained from a
statistical model. Tokar and Johnson (1999) and Tokar and
Markus (2000) have used ANN for rainfall- runoff modelling
and demonstrated the impact of the training data selection on
the accuracy of runoff prediction. Coulibaly et al. 2000;
Coulibaly et al. 2001a, b reported that the use of recurrent
network (RNN) for
precipitation, snowmelt and temperature as input parameters.

neural inflow forecasting with
Zhang and Govindaraju (2003) developed a geomorphology-
based ANN (GANN) that explicitly accounts for the
geomorphologic characteristics of the watershed within its
architecture for estimation runoff hydrographs from several
storms over two Indiana watersheds. Sarangi et al. (2005)
developed ANN and regression models using watershed-scale
geomorphologic parameters to predict surface runoff and
sediment losses of the St. Esprit watershed, Quebec, Canada.
Kalteh (2008) 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. Kisi et al. (2013) modelled rainfall-runoff
process using three Artificial Intelligence (AI) approaches viz.
ANNSs), Adaptive Neuro-Fuzzy Inference System (ANFIS) and
Gene Expression Programming (GEP) for a small catchment in
Turkey and the results were compared with the traditional
Multi Linear Regression (MLR) model. Patil and Valunjkar
(2014) applied multi-layer perceptron (MLP) for Gunjwani
water in lower Bhima sub-basin (Maharashra, India) to
forecast next-day runoff and compared results with MLR.

Moreover, one of the major phases in modelling using
artificial intelligence techniques is identifying the best input
combination of the network (Lafdani et al., 2013 a, b, ¢).
There are different methods for reducing the number of input
variables such as principal component analysis (PCA) (Zhang
et al., 2006; Zhang 2007), Gamma test (GT) (Corcoran et al.,
2003; Moghaddamnia et al., 2008), forward selection (FS)
(Chen et al., 2004; Eksioglu et al., 2005; Wang et al., 2006;
Khan et al., 2007; Noori et al., 2010a), and other techniques.
The GT was firstly reported by Stefansson et al. (1997),
Koncar (1997) and Agalbjorn et al. (1997) and later it was
discussed and utilized by many experts and scientists (Durrant
2001; Tsui et al., 2002; Jones et al., 2002; Jamalizadeh et al.,
2008; Ramesan et al., 2009). Ahmadi er al. (2009) reviewed
the capability of GT technique and entropy theory to determine
effective variables on solar radiation in Brue Basin, England
and showed that the number of required variables for
modelling had reduced significantly using GT. Noori et al.
(2010b) applied PCA and GT techniques for selecting the
inputs of ANN for weekly solid waste generation in Tehran,

Iran.

167



Noori et al. (2011) explored the role of pre-processing of
input parameters using Principal Component Analysis
(PCA) GT and Forward Selection (FS)
techniques to assess the performance of the support vector

techniques,

machine (SVM) model for monthly stream flow prediction
and authors recommended to use the PCA and GT
techniques for increasing the SVM model performance
especially in cases where lack of knowledge about the input
variables exists. Lafdani er al. (2013a) used GT technique
for identifying the best input combination of variables to
predict rainfall as predicted using ANN and ANFIS and
daily runoff was simulated using hydrological model of
MIKE11/NAM in Eskandari Basin, Iran. Lafdani et al
(2013b) have also applied GT technique for rainfall
prediction using ANFIS in Qaleh Shahrokh basin, Iran. The
use of the GT in input variable pre-processing is new and
there are only a few studies involving the application of this
method to water resources management (Noori et al., 2011).
Maier and Dandy (2000) mentioned that determining of
adequate model inputs and development of suitable network
architecture are key aspects requiring further attention. In
development of nonlinear simulation models the proper
selection of input variables is a challenging task because a
false combination of input variables could prevent the model
from achieving the optimal solution. Keeping above points
in view, in the present study GT technique was used for
selection of best input combination for modeling of daily
runoff using Multi-Layer Perceptron (MLP) neural network
and Multi Linear Regression (MLR) techniques in Bino
watershed, India.

2. Materials and Methods

2.1 Gamma Test (GT)

Gamma test is one of the non-linear modeling and
analysis tools that can investigate an underlying input-output
relationship in a numerical data set as well as establishing a
smooth model. GT estimates the minimum mean square
error (MSE) that can be achieved when modeling the unseen
data
(Moghaddamnia et al., 2009). Suppose there exists a set of

using any continuous non-linear  models

data observations as {(x;, y), 1 < i <M} where the input
vectors x; € R" are m dimensional vectors (with a record

length of M) confined to some closed bounded set C € R”

and y, € R is corresponding outputs scalar. If the underlying
relationship between input-output can be expressed as:
y=f(x...xp)+1r (1

where f is a smooth unknown function and r is a random
variable representing noise. GT allows the variance of the

noise variable r (Var(r)) to be estimated, despite the fact that

f is unknown. GT calculates model output variance that cannot
be accounted by a smooth data model called Gamma statistic

(T). GT is based on the kth (1 <k < p) nearest neighbors Xy

for each vector x; (1 < i < M) and p is the number of near
neighbors, typically p = 10 (Jamalizadeh ez al., 2008). It can
be derived from Delta function of the input vectors which
calculates the mean squared distance of the k" neighbor:

Sy(k) = %ZMXN [k — Xi|2 (1<k<p)

@)

where |...| denotes Euclidean distance, and corresponding
Gamma function output is given as:

Yor (k) = == XMy g — vil s 1=k <p)

3

where yy;, is the corresponding y-value for the k" nearest
neighbor of x; in Eq. (2).To compute I, a least squares
regression line which is fitted for p points (8,,(k), Yy, (k)) as:
y=A8 +r

The intercept on the vertical this axis (8= 0) is the T value as
Yu(k)—Var(r) in probability as Y,, (k)—>0.Selecting the most
important and influencing parameters of a nonlinear and
unknown function is one of the most difficult steps in model
development. If » number of the input variables exists, the
combination of 2n -1 would be among them and analysing all
these combinations consumes lots of time. One of the main
advantages of GT technique is its speed in large databases
which consist thousands of points for data sets, while a single
run of the GT takes a few seconds (Jones 2004). It reduces
volume of model development work and creates guidance for
proper needed input data and the most important variables
before actually developing model. Input selection by trial and
error procedure is huge time taking process and this can be one
of the major weaknesses in modeling studies. In this context,
GT is such a good mathematical algorithm. Therefore, GT was
used in this study for selecting the best combination of the

input variables and it was achieved through win Gamma™

software implementation (Durrant 2001).
2.2 Artificial Neural Network (ANN)

McCulloch and Pitts (1943) are generally recognized as the
first to design the neural network (NN). ANN is a method that
is inspired by the studies of the brain and nerve systems in
biological organisms. NNs have the capability of self-learning
and automatic abstracting and are flexible computing
frameworks for modeling a broad range of non linear
problems. Most of the NNs possess three or more layers. First
layer is the input layer in which data are fed to the network,
one or more intermediate layers, which act as an interface

between the inputs and outputs and used to act as a collection
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of feature detectors , and another last layer is the output
layer in which the network response of the given input is
produced. Their power comes from the parallel data
processing of the information from the data which is
accomplished through training of data and the correlation
between input data are weighted in order to estimate the
output appropriately. The main advantage of ANN
paradigms is to map a set of inputs to a set of outputs with
minimum basic or initial assumption on which the process
that would be obtained from. One more significant
advantage of the ANN models over other classes of non
linear model is that ANNs are universal approximators
which can approximate a large class of functions with a high
degree of accuracy. Because of these special features, neural
networks are less vulnerable to adverse modeling compared
with other parametric non-linear techniques and applying
this technique may reduce modeling time of complex
systems. Thus, ANNs are important alternatives technique to

the traditional methods of data analysis and modeling.

2.3 ANN architecture

A neural network will be characterized by its
architecture that presents the pattern of connection between
nodes. ANNs are massively parallel systems composed of
many processing elements called artificial neurons, or
simply neurons or node and arranged in form of layers of
these parallel neurons, with each layer being fully connected
to the proceeding layer by interconnection weights. The
architecture of an ANN is designed by weights between
neurons, a transfer function that controls the generation of
output from a neuron and learning laws that define the
relative importance of weights for input to a neuron. During
a training process randomly assigned initial weight values
are corrected progressively and compares calculated outputs
with the observed outputs and the errors

are back-propagated to determine the appropriate weight
adjustments necessary to minimize the errors (Kisi 2005).
Thus, the learning capability of an artificial neuron is being
achieved by adjusting the weights in accordance to the chosen
learning algorithm. In the present study, Multi- Layer
Perceptron (MLP) neural network which is the one most
popular ANN architecture was used for rainfall-run off
modeling. MLPs are layered feed forward networks typically
trained with static back propagation. A typical three layer
MLP structure is shown in Fig 1. These networks have found
their way into countless applications requiring static pattern
classification. Two main characteristics of the MLP are its
non-linear processing elements which have a non-linear
activation function that must be smooth (most widely used
being the logistic function with ranges from 0 to 1 and the
hyperbolic tangent with ranges from —1 to 1) and its massive
interconnectivity (i.e. any element of a given layer feeds all the
elements of the next layer) (Memarian and Balasundram
2012). Their main advantage is that they are easy to use, and
that they can approximate any input/output map. The transfer
functions that are most commonly employed in ANN are
sigmoidal type functions, such as the logistic and hyperbolic
tangent functions (Maier and Dandy 2000).

2.4 Selection of network architecture

Choosing the most appropriate architecture of a layered
neural network design is one of the most important attributes
in ANN modeling. The number of input nodes is simply
determined by the dimension of the input vector to be
generalized or associated with a certain output quality. The
dimension of the input vector corresponds to the number of
distinct feature of the input pattern. Similarly, the number of
neurons in output layer can be made equal to the dimensions of

vectors to be associated. The size of the hidden layer(s) is

Independent
variables

Nonlinear
hidden units

Input units

Predicted Dependent
value variable

-

output unit

Figure 1. A typical three- layer MLP.
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the most important consideration when solving the actual
problems using multilayer feed-forward neural networks.
The most popular and effective strategy for selecting the
appropriate number and size(s) of the hidden layer(s) is trial-

and-error procedure.
Multiple Linear Regressions (MLR)

A multiple linear regression method is a multivariate
statistical technique used to model the linear correlations
between a single dependent variable, Y, and two or other
X, X,..,X. Linear
relationship between dependent variable Y is affected by n

several independent variables
independent variables X, X,.....,.X, and a linear mathematical
relationship (model) assumed is (Berk 2004):
Y=a+ b X+ b,X,* ... +b X, )

where a, b,,.....,b, are multiple regression coefficients and
X, X,.....X, are independent variables. Thus, it is assumed
that Y is linearly related to each of the independent variables
and that each independent variable has an additive effect on
Y. Therefore, at this stage, we are assuming that X, X,....., X,
do not interact amongst themselves in their effect on Y.

Study area and data

The Bino watershed, a sub-watershed of Ramganga
catchment in Uttarakhand, India, was selected for this study.
The Bino watershed with a drainage area 296.178 Km’ is
situated in North-Eastern part of Ramganga

catchment in middle and outer ranges of Himalayas between
79° 6' 14.4" to 79° 17' 16.8" E longitude and 29° 47' 6" to 30°
02'9.6" N latitude in Almora and Pauri Garhwal district of
Uttarakhand, India. River Ramganga is one of major tributary
of river Ganga and originates in outer Himalayas in Chamoli
district of Uttarakhand, India and drains into river Bino (a
tributary of Ramganga River) through its outlet located at 79°
14' 13.2" E longitude and 29° 47' 6" N latitude. Fig. 2 shows
the location map of the study area. The watershed has very
undulating topography with mean length of 28.46 Km and
17.27 Km and irregular slopes varying from moderate to steep
in valley areas on either sides of the Bino River. The climate
of the watershed varies from Himalayan sub-tropical to sub-
temperate with mean annual maximum and minimum air
temperature of 30 ° C to 18 ° C, respectively. The daily mean
temperature remains higher during the months of May and
June and minimum in December and January. The mean
annual rainfall of the area is 931.3 mm. The maximum and
minimum elevations in the watershed are 2884 m and 802 m
above the mean sea level respectively. Based on slope, land in
the watershed may be categorized into valley, moderate and
steep hill areas. More than 75.31 % of the watershed area falls
under slope class of more than 25 % with an average slope of
37.43 %. Soils in the watershed are coarse texture varying with
sandy loam, loam, sandy clay loam, stony and are highly
erodible. 49.7 % of the watershed area is under forest and 29.4
% is under agricultural land. Daily rainfall, runoff data of 10
years (2000-2009) were collected from Divisional Forest and
Soil Conservation Office, Ranikhet, Uttarakhand, India. Table
1 shows the statistical analysis of the rainfall (mm) and runoff

(mm) data.
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Figure 2. Location map of Bino watershed, Uttarakhand.
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Table 1. Statistical analysis of observed data at Bino watershed

Data Training data Testing data
Mean | Min | Max Standard | Skewness | Mean | Min Max Standard Skewness
deviation | coefficient deviation Coefficient
Rainfall | 3.55 0.00 | 133.00 | 10.92 6.24 3.69 0.00 63.50 8.91 3.47
(mm)
Runoff 2.29 0.04 | 72.27 3.68 10.03 2.15 0.15 15.97 2.15 2.94
(mm)
Model Development value, mean of predicted value and the number of observations

In the present study, daily rainfall and runoff data of
monsoon period (1% June to 30" September) for the period
2000-2009 were used for training and testing of MLP and
MLR models. Out of this, 70 % of data (2000 to 2006) were
used for training or calibration and remaining 30 % of data
(2007 to 2009) were used for validation or testing of
developed models. Best input combination was selected
using GT technique and these inputs were used to train MLP
and MLR for simulating current day runoff. Here, the MLP
with both single and double hidden layers were trained using
Levenberg—Marquardt as learning rule (which is an
improved second order method for gradient) and hyperbolic
tangent as transfer function using software Nuero Solutions
5.0 designed and written by Curt Lefebvre & Jose Principe.
The network training was stopped as soon as the maximum
number of epochs, which was predetermined at 1000, and
training threshold of 0.001

combinations of hidden neurons were tried and a network

were reached. Different

that yields the minimum root mean square error (RMSE),
maximum correlation coefficient (r) and coefficient of

efficiency (CE) was selected.

Performance evaluation of models

Three criteria, the root mean square error (RMSE), the
correlation coefficient (r) and Coefficient of efficiency (CE)
or Nash-Sutcliffe efficiency have been used to assess the
goodness of fit performance of the models:

2
XL, (0;-P))
n

RMSE =

(6)
j=1 {(0;-0)(P;—P)}

r =
JZs (0075}, (pj-PY’
@)

)=(1-

residual variance
CE = (1 —_——

initial variance

2
Yj=1 (0;—P;)
e S ®
z:j:1 (Oj_oj) o
where, j is an integer varying from 1 to n, 0/., P, O, P andn

are observed value, predicted value, mean of observed

respectively. The RMSE was used to measure prediction
accuracy which produces a positive value by squaring the
errors. The RMSE is zero for perfect fit and increased values
indicate higher discrepancies between predicted and observed
values. r is used as an indicator of degree of closeness between
observed and predicted values. If observed and predicted
values are completely independent, the r will be zero. The
coefficient of efficiency can be used to compare the relative
performance of two approaches effectively and is commonly
used to assess the predictive power of hydrological models
(Nash and Sutcliffe 1970). Theoretically it varies from —00 and
1, with 1 being corresponding to perfect model. For zero
agreement, all the predicted values must be equal to the
observed mean. Values between 0.0 and 1.0 are generally
viewed as acceptable levels of performance, whereas values
<0.0 indicates that the mean observed value is a better
than the which

unacceptable performance. Therefore, closer this ratio is to

predictor predicted value, indicates

unity, the better is the regression relation.
3. Results and Discussion
3.1 Gamma test

Selecting an appropriate combination from input
parameters is one of the most important steps while designing
every mathematical and intelligent modeling. If » is assumed
to be the affecting parameter on occurrence of a phenomenon,
2"-1 significant combinations of inputs are possible. The GT is
able to provide the best mean square error (MSE) that can
possibly be achieved using any non-linear smooth models and
can greatly reduce the model development workload providing
best selection of input parameters before a model is actually
developed (i.e. its result is independent of the models to be
developed). In order to predict current day runoff (Q,), the
current day rainfall (R,) and previous days rainfall (R, R, ....
R,,) as well as previous days runoff (Q,,, Q,, .... Q.,), were
used, where n is number of lags and here from one to three
lags were used since lags after three were hardly affected as
mentioned in literatures. The results for different combinations
obtained from Gamma test are shown in Table 2. According to
the principals of the GT, the combination with the minimum

gamma value would be the
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best combination for modeling and show that the data with
the provided combination has the possibility to achieve a
better result in modeling. Therefore, R, R, ,R,,Q,;,Q,, are
selected as the best input combination and optimum
variables for developing MLP and MLR models for
predicting daily runoff in Bino watershed.

Table 2. Results of GT for determining the best combination
out of the input variables for runoff modelling

number of hidden neurons 2 to 11 for single hidden layer. All
together 20 models i.e. MLP1 to MLP 20 has been developed
and out of these, 10 are single hidden layer neural networks
i.e. MLP1 to MLP10 and rest are double hidden layer neural
networks. Out of the 20 models developed MLP7 (5-8-1) with
5 inputs and one hidden layer with 8 neurons and one output
was best as compared to other networks based on the
performance criteria r, RMSE and CE values 0.95, 1.27 (mm)
and 0.88, their

respectively  during training while

corresponding values during testing are found to be 0.92, 0.96
(mm) and 0.80, respectively. Among the double hidden neuron

networks developed, MLP19 (5-10-11-1) having hidden

neurons 10 for first hidden layer and 11 second hidden layer

with 5 inputs and one output. The r, RMSE and CE for MLP19
model during training are found to be 0.93, 1.48 and 0.84,
respectively and 0.90, 1.16 (mm), 0.70 are their respective
values during testing. The MLR technique was also applied to
predict the current day runoff (Q,) using the same inputs as
used in ANN and the result obtained are being compared with
ANN. The developed model of MLR is shown below:

Q; = 1.1758 + 0.0496R, + 0.0249R,_, —
0.0054R;_, + 0.2642Q,_; + 0.11410Q;_,
©)

S1 Model input Gamma value
No.

1 R, 0.160395
2 R.Qu 0.226494
3 R,Qu1,Q., 0.097237
4 R.R,.,Q 0.231138
5 R, Ri,QuiQez 0.074221
6 R,Qu1Qu2:Qus 0.121361
7 R, R..R,, Q, 0.201045
8 Ry R R, QuinQus 0.064161
9 Ry ReppQuipQiz 5Qus 0.128235
10 | Ry R R, Ry, QuiQe, 0.126393
11 Ry RipRi2QusQiz Qe 0.155590
12| Ry R LR Ry, QuinQ2 Qs | 0.119028

3.2 MLP based ANN and MLR runoff models

For modeling of daily runoff in Bino watershed,
different models with the varying hidden neurons and hidden
layer of both single and double have been trained and tested
with MLP neural network to select the optimal architecture
of the network. A trial and error procedure based on the
minimum RMSE maximum r and CE criterion has been used
If the ANN
architecture is I - N -1, the output layer has one neuron

to select the best network architecture.

corresponding to the predicted runoff at time t with inputs I
and hidden neurons of N. ANN architecture I-N-N-1
indicates for double hidden layer case. The optimal number
of neurons (N) in the hidden layers has been identified using

a trial and error procedure by varying the

The performance indices values of r, RMSE and CE for

MLR model are found to be 0.71, 1.59 (mm) and 0.45,
respectively.
Qualitative performance of developed model was evaluated by
comparing observed and predicted values of daily runoff
graphically in the form of time series and scatter plot as shown
in Fig. 3 and 4 for MLP7 and MLR, respectively during
testing. It can be observed from time series that the observed
and predicted runoffs are in close agreement in most of the
points although there are under and over predictions in some
points. In general, both models MLP7 and MLR underestimate
the observed runoff. This is clear from scatter plots as the best
line of models are close to the ideal line (1:1) with R® values
0.85 for MLP7 and 0.50 for MLR.
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y=0.7294x + 0.9764
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Figure 3. Time series and scatter plot of observed (Qo, mm) and predicted runoff (Qp, mm) during testing period for
MLP7 (5-8-1) model.
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Figure 4. Time series and scatter plot of observed (Qo, mm) and predicted runoff (Qp, mm) during testing period for

MLR model.
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Conclusions

In this study, GT technique was applied for best input
selection for smooth daily rainfall-runoff modeling using
MLP based ANN and MLR techniques. The results of the
study showed that GT technique can be effectively used
prior to actual hydrological modeling thereby saving huge
time while selecting the best inputs to fed in models. Out
the twenty developed models by MLP based models
ANN, single hidden layer was found better than double
hidden layer. The results showed that MLP based ANN
has better performance than and MLR. Therefore, MLP
based ANN model can be successfully applied for daily

rainfall-runoff modeling in Bino watershed, Uttarakhand.
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