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ABSTRACT

Rainfall-runoff relationship is one of the most important and complex hydrological
processes whose perception is very important in hydrology and water resources. A plenty
of physical and statistical models have been developed for this that apply some parameters
due to this relationship. The application of artificial neural network as a black box model is
one of the methods to evaluate rainfall-runoff relationship. In this study, rainfall-runoff
relationship of Plasjan Basin, upstream Zayandehrud River, is evaluated using multilayer
perceptron network. Due to high variation of observed series, 3 daily rainfall series of
regional stations and daily discharge of Plasjan station were first normalized and according
to autocorrelation and cross correlation of rainfall-runoff data, 6 variables were selected for
input of the network and a 4-hidden-layer network was found to be more valid comparing
with other networks.
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INTRODUCTION
 In the last decade, there has seen

tremendous growth in the interest of application
of a class of techniques that operate in a
manner analogous to that of biological neurons
system, i.e. artificial neural networks (ANNs).
While ANNs are capable to capture non-
linearity in the rainfall-runoff process
comparing with other modeling approaches.
ANN models have been applied in hydrology
and in the context of rainfall-runoff modeling4,7.
From these studies, it has been demonstrated
that ANN models can be flexible enough to

simulate the rainfall-runoff processes
successfully.

AIMS AND OBJECTIVES
In this study, the most popular FFANN

architecture, i.e. MLP, is used for rainfall-runoff
modeling of the main upstream basin of
Zayandehrud watershed in the western region
of Isfahan Province at the center of Iran.
Zayandehrud watershed has two main basins
called Ghaleh Shahrokh and Plasjan Basin.
These two basins connect directly to the
Zayandehrud Dam which provides water
supply for Isfahan province in different drinking,
agricultural and industrial water demand. The*Author for correspondence
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input and output variables for ANN is the daily
rainfall and runoff of Plasjan basin (Fig. 1).
The data set includes of Plasjan daily

Fig. 1 : Location of Zayandehrud watershed in Isfahan Province and the
location of Plasjan Basin

streamflow time series and three rainfall daily
time series of the stations within the basin for
the period of 1965-2000.

MATERIAL AND METHODS
The multilayer perceptron architecture

assumes that the unknown function (rainfall-
runoff) is represented by a multilayer feed
forward network of sigmoid units. An ANN
model with n input neurons (x1, …, xn), h hidden
neurons (w1, …, wh) and m output neurons
(z1, …, Zm) is considered in this study. The
function that this model calculates is
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Where gA and fA are activation functions, i, j,
and k are representing input, hidden and output

layers respectively, τ j is the bias for neuron wj
and εk is the bias for neuron zk,β y is the weight
of the connection from neuron xi to wj and
α jt is the weight of the connection from neuron
wj to zk.

The hyperbolic tangent sigmoid function
was used in this study as activation function
for the hidden nodes. The function can be
written as the following

      G(s1) = 
e e
e e

si –  –si

si +  –si   (3)

Where si is the weighted sum of all incoming
information and is also referred to as the input
signal
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The major advantage of the MLP is that
it is less complex than other networks, and has
the same nonlinear input–output mapping
capability2. The training of the MLP involves
finding optimal weight vector for the network.
The objective function of the training process
is

  E = 
1
2

min ( )  2β t – Opj pj

J

M

P

N

∑∑          (5)

Where N is the number of training data pairs,
M is the output node number, tpj is the desired
value of the jth output node for input pattern p,
and Opj is the jth element of the actual output
associated with input p1.

RESULTS AND DISCUSSION
The total daily observation was divided

into training, validation and cross-validation sets
prior to the model building. It is worth to note
that the way of dividing the data has significant
impact on the results. In other words, the
network may use low or high flow samples
and give a great precision for training set but
fails to simulate outside the range of the training
data5,6. In this study, the rainfall and runoff data
were randomized prior to training the network
to avoid this problem.

In the first step, we select the input data
for MLP networks. According to the
autocorrelation properties of daily rainfall and
runoff time series and the cross correlation
between daily rainfall and runoff series,
different input variables can be used for ANN.
However, the existence of zero values of
rainfall and runoff in Zayandehrud basin, the
initial efforts to construct the ANN showed
that data transformation is necessary to reduce
the variance of rainfall and runoff time series.
In this study, we apply normalized rainfall and
runoff time series to construct the ANN. After
trial and error, the following normalized
variables were selected as input data of ANN:

R1(t-1): Daily rainfall of station(1) at lag time 1-day
R1(t-2): Daily rainfall of station(1) at lag time 2-days

R2(t-1): Daily rainfall of station(2) at lag time 1-day
R3(t-2): Daily rainfall of station(3) at lag time 2-days
Q(t-1): Daily streamflow at lag time 1-day
Q(t-2): Daily streamflow at lag time 2-days

The output of the model is streamflow
discharge of Plasjan River (Qt) at the outlet of
the basin. We tested different MLP
architectures and found that the MLP with
1-hidden layer (MLP1) is not appropriate while
other MLPs (MLP2, MLP3, MLP4 and MLP5)
are good networks for modeling rainfall-runoff
relationship of Plasjan basin. The performance
of these networks is depicted in Fig. 2 and
Fig. 5.

The performance of hydrologic models
is usually evaluated by the comparison of
desired and model predicted values. This
comparison can be done by graphical or
numerical methods. The global statistics (Root
Mean Square Error, Correlation Coefficients
and the Coefficient of Efficiency (CE) are
usually used for model calibration or
comparison of different models. As there is no
single definite evaluation test, it is important to
apply multi-criteria assessment of ANN
skill3,4. These statistics are defined as follows:
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where Qo, Qc are the observed and computed
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values of flow, Q  is the mean flow, N is the
total number of observation. The above error
statistics are given for different MLP networks
in Table 1.

CONCLUSION
It is evident that the multi-layer

perceptron network with four hidden layers
(MLP4) is superior to the other networks.

Table 1

Criteria-ANN MLP2 MLP3 MLP4 MLP5 

RMSE 247.17 112.21 97.15 201.1 

R2 0.9365 0.9582 0.9635 0.9222 

CE (%) 82 96.5 97.3 88.35 

 

Fig. 2 : Scatter plot of observed versus simulated streamflow with MLP2

Fig. 3 : Scatter plot of observed versus simulated streamflow with MLP3
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Fig. 4 :  Scatter plot of observed versus simulated streamflow with MLP4

Fig. 5 : Scatter plot of observed versus simulated streamflow with MLP5
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