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Abstract
Long-term prediction of precipitation in planning and managing water resources,
especially in arid and semi-arid countries such as Iran, has great importance. In this paper, a
method for predicting long-term precipitation using weather signals and artificial neural
networks is presented. For this purpose, climate data (large-scale signals) and
meteorological data (local precipitation and temperature) with 3 to 12 months lead-times are
used as inputs to predict precipitation for 3, 6, 9 and 12 months periods in 6 selected stations
across Iran. A genetic algorithm (GA) and self-organized neural network (SOM) along with
the application of winGamma software were comparatively used as input selection methods
to choose the appropriate input variables. Examining the results, out of 96 predictions
performed at all stations, in 43 cases, GA, in 28 cases, winGamma, and in 25 cases SOM
have the best results compared to the other two methods. According to this, as a generalized
assumption, it can be said that at least for the selected stations in this paper, the GA method
is more reliable than the other two methods, and can be used to make predictions for future
applications as a reliable input selection method. Moreover, among different climatic
signals, Pacific Decadal Oscillation (PDO), Trans-Niño Index (TNI) and Eastern Tropical
Pacific SST (NINO3) are the most repetitive indices for the most accurate forecast of each
station.
Keywords: Precipitation Prediction, Large Scale Climatic Signals, Self-Organized Artificial
Neural Networks, Input Selection Method, Genetic Algorithm.
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1. Introduction
Iran is located in a region with diverse climatic conditions. This means that it includes the
arid climate beside temperate and mountain climates. Due to the particular situation of Iran,
which is connected to high seas on the one hand and dry lands on the other hand, several factors
affect the climate including winds, climate signals and other monsoonal and seasonal
phenomena.
Nowadays, the application of climatic signals and climatological data has been considered for
prediction of streamflow, precipitation or temperature in a region. Researchers have tended to
use large-scale climatic signals in water resources management in recent years for the following
reasons:
1. Increase in awareness and information about large-scale climate data and their relationship
with hydrologic and meteorological variables
2. Climate change and its impacts on water resources
3. The occurrence of floods and droughts with higher intensities in many parts of the world in
recent years
In addition to the above reasons, studies have shown that the use of large-scale climatic
signals can enhance the accuracy of predictions and increase the time interval (up to several
months). Moreover, hydrologic analyzes can be increased and be more accurate by taking into
account the climate statistics.
There are a vast number of research papers dealing with the utilization of long-range climatic
signals and their relations with different local climatic variables such as precipitation and
streamflow. For instance, Redmond and Roy (1991) examined the relationship between rainfall,
temperature and runoff in the western part of the United States by using large scale signals. They
showed that the precipitation from October to March had the highest correlation with the South
Ossetic Index (SOI) from July to November in this region [1]. Harzallah and Sadourny (1997)
investigated the relationship between El Nino–Southern Oscillation (ENSO) and Indian summer
rainfalls. The results indicate that the dry years coincided with the ENSO warm phase, named El
Nino, and the wet years, coinciding with the ENSO cold phase, La Nina [2]. Chiew et al. (1998)
studied on the relation between ENSO and Australian rainfall. The best correlations were
obtained in two modes; the first one relates to the relationship between the average SOI in June
and July with the average Australian spring rainfall (September, October and November) in the
east of Australia, and the second case, the relationship between the average SOI in August
through November with the average summer precipitation (December, January and February) in
the northeastern part of Australia [3]. Sharma et al. (2000) predicted seasonal and annual rainfall
using weather signals in order to improve water supply management in Australia. However, they
did not provide a solution and method for estimating runoff from the predicted rainfall [4].
Sperber et al. (2000) studied the relation between seasonal and annual summer rainfall in the
Southwest of Asia by simultaneously analyzing satellite and land-based rainfall data. They
rejected the hypothesis that seasonal precipitation forecast requires modeling of the climatic
components of that exact season [5]. Nazemosadat and Cordery (2000) examined the impact of
ENSO on the precipitation of 41 stations located in Iran. To do this, the SOI index was
considered as an indicator for predicting seasonal precipitation. The results of their studies show
that there is no significant relationship between autumn rainfall and SOI in southern coast of
Iran, while autumn rainfall in northwestern regions is more affected by the SOI. In the
northeastern regions of Iran, weak correlation was observed between autumn precipitation of
Mashhad and Sabzevar stations with SOI, while this correlation was significant for Neyshabour
and Birjand stations. According to their results, the effect of ENSO on fall precipitation in
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coastal areas of the Caspian Sea decreases from east to west, and its impact on the northern part
of the Alborz is lower than the southern slops [6].
Curtis et al. (2001) examined the relation between the changes in rainfall in the
Mediterranean parts of Europe and ENSO. The results obtained by them indicate the significant
impact of ENSO on the Mediterranean rainfall in Europe. They showed that, although the
absolute value of rainfall variation is lower than that of normal in these areas compared to the
tropics, these changes, especially in the Mediterranean region, are directly related to the
phenomenon of ENSO [7]. Cullen et al. (2002) examined the relation between the NAO and the
rainfall and streamflow of major rivers in the Middle East such as Sobhon, Tigris, Euphrates,
Karun, Yarmouk and Jordan. For this purpose, two seasons were considered for analyzing the
streamflow changes of these rivers. The results of this study showed that the streamflow from
December to March is affected by the NAO phenomenon. Results have shown that the effect of
NAO on rainfall and temperature in the Middle East is lower during April-June, and the
streamflow in this period is more affected by snow and snow melting parameters [8]. As new
techniques were developed, they were employed to explore better relations between the longrange climatic signals and the local climatic data. Pineda and Willems (2018) presented a
statistical analysis framework to mine climate data and separate weather and climate controls
using data-driven process identification. The model investigated the climatological forcing
hypothesis leading to anomalous rainfall extremes [9]. Kisembe et al. (2018) investigated the
ability of the models to capture the influence of large-scale features such as ENSO on Ugandan
rainfall [10]. Armal et al. (2018) presented a systematic analysis for identifying and attributing
trends in the annual frequency of extreme rainfall events across the contiguous United States to
climate change and climate variability modes [11].
Jeong and Kim (2004) used the ESP technique to obtain a one-month-long streamflow
forecast for the Chungju Reservoir in the Han River Basin [12]. Kumar et al. (2007) used neural
networks for monthly and seasonal predictions (from June to September) based on large scale
satellite signals in Orissa, eastern India. They used genetic algorithms to train the neural network
architecture. One of the most prominent points of this research was that seasonally predicted
outcomes were better than monthly estimates. The researchers believe that the main reason for
this is the variability in the nature of climate variables, which creates more uncertainty on a
monthly basis than season [13]. Salas et al. (2011) used atmospheric, oceanic and hydrologic
indicators for long term forecasting of the Colorado River flow with seasonal and annual time
steps [14]. Zahraie et al. (2004) presented a method for prediction of high and low rainfall in the
Karun basin [15].
The important thing in hydrological models is selecting the adequate and suitable inputs.
Selecting the less number of inputs besides getting the best results is called input selection
technique. Kiernan et al. (1995) used a self-organized map (SOM) algorithm for feature selection
in supervised neural networks [16]. Nourani et al. (2013) used a two-level SOM clustering
technique to identify spatially homogeneous clusters of precipitation satellite data, and to choose
the most operative and effective data for a neural network to model rainfall–runoff process on a
daily and multi-step ahead time scale [17]. Sinha et al. (2018) made future projections of
seasonal precipitation characteristics in southern Florida using a statistical downscaling approach
based on SOM. They examined both the “near future” (2021–2050) and “far future” (2071–
2100) periods for three scenarios [18]. Parchure and Gedam (2018) investigated the homogeneity
among rain gauges using SOM and the concept of “rain event properties,” linking them to the
main atmospheric system that affects the rainfall in the region [19]. Lee et al. (2012) used
Genetic Algorithm (GA) input selection for forecasting and distinguishing heavy rain and non-

SUMMER 2019, Vol 5, No 1, JOURNAL OF HYDRAULIC STRUCTURES
Shahid Chamran University of Ahvaz

Forecasting of rainfall using different input s …

45

heavy rain weather by using weather data [20]. Venkadesha et al. (2013) developed ANN
models to predict air temperature by performing a GA input selection method [21]. Dariane and
Azimi (2016) used a combination of GA input selection method and Neuro Fuzzy Inference
System for Forecasting streamflow [22]. Remesan et al. (2008) demonstrated the informative
capability of the Gamma test in the selection of relevant variables in the construction of
nonlinear models [23]. Rauf et al. (2016) presented a method as a foundation of early warning
for the reduction and mitigation of flood disasters, and decision making for scientific flood
dispatching. They performed Gamma tests in WinGamma and made nonlinear models of 500
different combination [24]. Singh et al. (2018) used WinGamma to select the best combination
of input variables for daily rainfall-runoff modeling with neuro-fuzzy inference system and
multi-layer perceptron neural network [25].
The purpose of this study is to predict precipitation using artificial neural network and
exploiting large scale climatic signals as well as precipitation and temperature of past years for
selected stations. For this purpose, first, the weather data (temperature and precipitation) and
climate signals should be extracted for a long period of time and then, according to different
methods, the appropriate prediction method should be selected. Since the frequency of data is
very high and variables are diverse, three input selection methods including GA, winGamma
software and also SOM were used to select variables. Initially, different variables and parameters
are selected for different regions and a set of them are entered as input parameters into the
model, then the model is compiled and implemented. In order to reach more accurate results,
several neural networks with different input data are created and by averaging them the rainfall
and temperature are predicted for different time horizons (3, 6, 9 and 12 months).
.

2. Case Study
In this study, 6 different stations throughout the country (Iran) were selected to reflect
different characteristics of the region. Location of the stations and their spatial distribution over
the country can be found in Figure 1. Selection of these stations is influenced by factors such as:
proper dispersion, acceptable coverage of the country, availability of sufficient information at
the station, etc. In this regard, the abovementioned stations were chosen in a way to represent
and catch different characteristics of the whole country. Details of the selected stations in terms
of average annual precipitation and temperature are given in Table 1.
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Figure 1. Locations of different stations scattered throughout the country

Table 1. Average annual precipitation and temperature for the selected stations
Station

Height (m)

Average annual
precipitation
(mm)

Average annual temperature
(°C)

1

Bandar Abbas

9.8

185

22

2

Mashhad

999.2

238

16

3

Iranshahr

1370

92

20

4

Urmia

1328

341

12

5

Mehrabad

1191

428

18

6

Ahwaz

22

213

29
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3. Methodology
3.1. Dataset
The study employs climate data obtained from different institutes presented in Table 2.
Climatic indicators from1 to 23 in Table 2 refer to the oceans. The list of these indicators is
available on the NASA National Weather Climate Center's website [26]. As these indicators
relate to a particular region, research studies have shown that the correlation between these
indicators in each basin area may not lead to a required result and subsequently, they will not be
considered as strong predictors. For example, the NINO3 index refers to a region with a S5-N5
and W150-W90 geographic location [27]. Indicators 24-29 are related to NCEP where the time
series are produced by specifying the appropriate latitude and longitude coordinates with the
target area (with a precision of 2.5 °) [28]. The list of time series of these indicators is also
available online. Researches have shown that these types of indicators can establish a higher
correlation in comparison with indices such as PDO, SOI or NINO3 [27]. The Omega index
indicates the wind velocity at different atmospheric pressures.
The variables are selected with three methods of input selection such as genetic algorithm,
winGamma software and self-organized neural network. Dealing with data driven models, it is
common to divide the data sets into two parts of the training and testing. The training data set are
applied to tune the model parameters while the latter one is employed to evaluated performance
of the developed model. A 30-year period data from 1979 to 2014 was used for training the
models while a 6-year data remained for testing purpose.

3.2.Methods
As stated, the main purpose of this research is to predict rainfall using large-scale
climatic signals and artificial neural network utilization. To determine the most important
signals for rainfall in the stations, GA, winGamma and SOM methods have been used.
Details are discussed in the following sections. Then, the effective signals are arranged in
order of importance. After finding the effect of each signal, the most effective ones are
selected to feed artificial neural network as input variables in order to forecast the rainfall
over the study area. The artificial neural network models were developed and implemented
in MATLAB. The MATLAB package has the ability to design, learn and evaluate the
artificial neural network and also includes different networks with different learning rules.
Dealing with neural networks, different algorithms and structure can be applied for learning
process of the model However, in hydrological studies, the use of leading networks and
backpropagation methods have been most widely used due to their easily implementation,
simplicity and suitable performance [29].
Table 2. List of climatic models used for simulation
Number

Abbreviation name

Name

1

NAO

North Atlantic Oscillation

2

SOI_Tahiti_Darwin_SLP

Southern Oscillation Index - (Stand Tahiti - Stand Darwin)
Sea Level Pressure

3

ESOI-Indonesia_SLP

Equatorial Southern Oscillation Index - Indonesia Sea Level
Pressure

4

ESOI_Eastern_Pacific_SLP

Equatorial Southern Oscillation Index - Equatorial Eastern
Pacific Sea Level Pressure
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5

AMO

Atlantic Multidecadal Oscillation (unsmoothed)

6

AMM

Atlantic Meridional Mode

7

PNA

Pacific North American Index

8

TNA

Tropical Northern Atlantic Index

9

NINO3

Eastern Tropical Pacific SST

10

MEI

Multivariate ENSO Index

11

PDO

Pacific Decadal Oscillation

12

AO

Arctic Oscillation

13

NINO1+2

Extreme Eastern Tropical Pacific SST

14

NINO3.4

East Central Tropical Pacific SST

15

NINO4

Central Tropical Pacific SST

16

EA

East Atlantic index

17

EAWR

Eastern Asia/Western Russia

18

SCAND

Scandinavia

19

PE

Polar/Eurasia Index

20

WP

West Pacific Index

21

ONI

Oceanic Nino index

22

BEST

Bivariate ENSO Time series

23

TNI

Trans-Niño Index

24

GH600

NCEP 600 mb Geopotential Height

25

AT700

NCEP 700 mb Air Temperature

26

RH600

NCEP 600 mb Relative Humidity

27

SP

NCEP Surface Pressure

28

SPR

NCEP Surface Precipitation Rate

29

O600

NCEP 600 mb Omega

3.2.1. Neural network
Undoubtedly, artificial neural networks are among the most common types of black box
models. They have been widely applied for forecasting and modeling purposes in many
different fields. An artificial neural network is designed based on the neuron system
structure and can solve high-quality, nonlinear issues. The main advantage of black box
models such as neural networks is that they do not need to introduce the exact relationship
between input and target variables. They can understand this relationship through training
process. Moreover, they have the ability to provide suitable predictions only based on a few
number of input variables while in conceptual models a large number of variables have to be
considered in the modeling procedure. A usual network consists of three parts of input,
hidden and output layers. The input variables form the first layer being transferred to the
hidden layer with connection. The main process is implemented in the hidden layers as the
weights are assigned to the connections using a specific algorithm. Strength of connection
from input to hidden layers and also the connection with hidden to output layers are
determined by weights in which the more important variables are indicated with stronger
weights. The model initiates by assigning weights to each variable and evaluates the model’s

SUMMER 2019, Vol 5, No 1, JOURNAL OF HYDRAULIC STRUCTURES
Shahid Chamran University of Ahvaz

Forecasting of rainfall using different input s …

49

performance in any iteration. Through a repetitive process, the weights are adjusted until to
meet the model stopping criteria or to reach a determined number of iterations. Generally, a
usual neural network can be mathematically expressed as follows:

M
N
O k = g 2  w kj g 1  w ji x i + w
 i =1
 j =1

jo



 + w ko 



Where x i = the input value to node i , O k

(1)

= the output at node k , g 1 = activation

function for the hidden layer and g 2 = activation function (linear) for the output layer. N
and M represent the number of neurons in the input and hidden layers, respectively. w

jo

and w ko are biases of the j th neuron in the hidden layer and the k th neuron in the output
layer. w

ji

is the weight between the input node i and the hidden node j , and w kj the

weight between the hidden node j and the output node k . The appropriate values for
weights and biases are obtained through training process.
In the neural network, the data are divided into three parts: training, validation and
testing. Validation data is used to prevent over-training. Backpropagation method is
commonly used to train the neural networks. Dealing with neural networks, there are a
number of parameters that should be properly tuned to achieve reliable forecasts. Number of
neurons, iterations and effective variables are among the common factors require special
care to construct an appropriate model. In this study, a sensitivity analysis was conducted to
find the optimum number of neurons in the hidden layer. Moreover, the Nash-Sutcliff
(Nash) coefficient was employed to evaluated performance of the predictive models.

3.2.2. Binary Genetic Algorithm (GA) as Input Selection Method
Genetic algorithm is a metaheuristic technique mimicking the principles of natural
genetics. The genetic algorithm was first introduced by John Holland (1975) [30]. In this
algorithm each solution is represented by a chromosome and each chromosome consists of
several genes. A population of chromosomes is called populations. Chromosomes evolve
from generation to generation. Dealing with genetic algorithm, reproduction, crossover and
mutation are considered as three main evolutionary processes. During reproduction process,
the chromosomes with the best fitness are remained for the next selection. On the other
hands, some other chromosomes do not represent the best solutions are replaced with some
new chromosomes. Afterwards, the older generation (called parents) combines with each
other to create new generation of chromosomes in the crossover stage. Finally, mutation
process is considered as a stage in which the gene values in a chromosome can change
resulting in a new gene or to removing a gene from the chromosome structure. This process
is repeated to meet objective function or fitness function criteria. Generally, the genetic
algorithm is defined in two types: binary and real. One of the applications of the binary
genetic algorithm is input selection in the hydrological models. Since many parameters and
factors such as climatic and meteorological parameters interfere with rainfall prediction and
may be very large at a station, a method should be used to select the best and most suitable
predictor variables. Parameters should be selected in such a way that they do not only have
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the greatest impact, but are not in conflict with other parameters of selection and do not have
a negative effect on the whole model.
For more explanation, suppose that there are n variables which each of them may be related
to the objective function with a coefficient. The binary method is used to select the
appropriate variables, meaning that each chromosome consists of n single-bit genes of zero
and one. Choosing a zero number in each gene means not choosing that variable as an
effective input variable in the model, and vice versa, if the gene value is 1, the
corresponding variable is chosen. At first a random population of chromosomes is created.
Then, the variables selected on each chromosome are considered as inputs of the neural
network model. The neural network is then trained by backpropagation method. In the next
step, using the trained network, the results of the model are estimated for the test set and the
Nash-Sutcliff index is calculated. In this step, the new generation of chromosome
populations is based on the Nash index and the selection, combination and mutation
operators. This process is repeated as long as no appreciable change is made in the Nash's
objective function from generation to generation.

3.2.3. winGamma Software
Th winGamma software based on gamma test is a suitable proxy for nonlinear modeling.
Gamma test is essentially a nonlinear modeling that investigates the relationship between
input and output in a set of data. Therefore, using this software, it is easy to examine the
relationship between the input parameters considered in this study with the desired output
and determine the best combination of inputs. For this purpose, the results of the genetic
algorithm are investigated and the combination with lower standard error and gamma
content is selected as the appropriate input composition. Also, in using M-Test, the software
creates a gamma graph after data scrutiny [31]. Concerning gamma test, small values of
gamma demonstrate strong predictive relationship between input and target variables. On the
other hand, large values of gamma denote there is no significant relationship between the
input and output values. Unlike traditional linear regression measuring goodness of fit to a
line, the gamma test explores goodness of fit to all smooth curves.
3.2.4. Self-Organized Map Neural Network (SOM)
Considering learning method of neural networks, they can be categorized as supervised
and unsupervised learning. Self-Organized map (SOM) is a kind of neural networks employs
unsupervised and competitive learning for training process (a neighborhood function) while
the supervised methods are based on error correction through a backpropagation or other
algorithms. This network provides a topology preserving mapping of input patterns (one,
two or more dimensional) based on their characteristics which preservers the relative
distance between the points. In this algorithm, points that are near each other in the input
space are mapped to nearby map units. In other words SOM categorizes the same data
(neighborhoods data) in a class. For this purpose, it has two kinds of spatial coordinate
systems, the first one is topological coordinate system, which is only used to show
neighborhoods and proximity and the second one is weighting coordinate system. Each
neuron has random weight coordinate at first and it is changed during training. Data with
short Euclidean distances fall in to a class. Therefore, the method can be considered as a
tentative approach for dimensionality reduction where dealing with high dimensional data
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may increase complexity and computational time of many data driven models. A SOM
network has two modes of training and mapping in which the training mode uses input
examples to build the map and subsequently the aping process is employed to classify the
new input data. To build the map, training or learning process is needed to derive a pattern
based on input variables. This is partially similar to structure of human brains. To construct
a reliable model, a large number of example vectors as close as possible the kinds of vectors
expected during mapping should be used to feed the network. In the training stage,
competitive learning procedure is employed where the neurons compete for the right to
respond to a subset of the input data. Assume a training example is fed to the network, the
Euclidean distance of the sample to all weight vectors is computed to find the neuron with
the most similar weight vector called the best matching unit. The weight of best matching
unit and the neurons in its neighborhood is modified based on the input vector. However,
neurons with farther distance expect to experience smaller changes. This process is repeated
for any other input fed to train the SOM network. In brief, the weight of a neuron v with
weight vector Wv(s) is updated as follows:

W v ( s + 1) =W v ( s ) +  (u ,v , s ) . ( D (t ) −W v ( s ) )

(2)

where s is the step index,  (u ,v , s ) is the neighborhood function denoting distance
between neuron v and the neuron of best matching unit in step s ,  ( s ) is a decreasing
coefficient, and D (t ) represents the input vector. It is readily acknowledged that the study
is not going to delve into basic concepts of the method. For more details one can refer to
[32]. In this research, MATLAB software has been used to implement this method.

4. Results
In this section the results are presented for different stations.observed precipitation and
temperature and climate signals were used for precipitation forecasting with time horizons of
3, 6, 9 and 12 months. The results obtained from the three methods of input selection, GA,
winGamma software and SOM, for neural network inputs are presented in Table 3. In this
table, for example, 3-6 indicates the use of 3-month average data as predictor for forecasting
the 6-month time horizon.
Results for Bandar Abbas, Mashhad and Zahedan stations are illustrated in Figure 2. At
Bandar Abbas station, the best prediction for the 3-month time horizon is derived from the
mean of 12 months (12-3) and the GA method, with Nash of 0.34. For the time horizon of 6,
the most accurate prediction is for the mean data of 3-month (3-6) and winGamma method
with the Nash of 0.32 for the test period. Similarly for the time horizons of 9 and 12 months,
the best values of Nash (0.30 and 0.32) are for the mean of 3 (3-9) and 6 months (6-12) by
using winGamma and SOM respectively. Considering 16 predictive states presented in
Table 3, winGamma provides the most accurate results for 6 cases while the GA and SOM
are the best model each for 5 cases out of the total 16 cases. This indicates a relative
advantage of the winGamma method at Bandar Abbas station. Moreover, ESOIIndonesia_SLP, TNA, NINO3, PDO, AO, NINO3.4, SCAND, WP, BEST, TNI, AT700 and
O600 are the selected climate indices for the most accurate forecast (12-3) in Bandar Abbas
station.
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Table 3. Results of different models for selected stations
Nash Sutcliffe Efficiency for test period

Predictiveprediction
time
horizon

SOM

wG

GA

SOM

wG

3-3

0.27

0.25

0.26

0.27

3-6

0.26

0.32

0.26

3-9

0.28

0.30

0.25

3-12

0.26

0.30

6-3

0.26

6-6

Bandar Abas
4

Mashhad
4

Zahedan
4

Urmia
4

Mehrabad

Ahvaz

GA

SOM

wG

GA

SOM

wG

GA

SOM

wG

GA

SOM

wG4

GA

0.30

0.32

0.29

0.24

0.24

0.29

0.31

0.27

0.25

0.24

0.27

0.23

0.24

0.27

0.29

0.22

0.31

0.23

0.29

0.30

0.27

0.30

0.27

0.28

0.23

0.31

0.21

0.31

0.30

0.23

0.24

0.21

0.32

0.26

0.24

0.31

0.31

0.23

0.27

0.22

0.28

0.25

0.29

0.22

0.28

0.29

0.27

0.31

0.23

0.25

0.31

0.29

0.29

0.25

0.30

0.23

0.22

0.25

0.29

0.28

0.23

0.25

0.22

0.24

0.29

0.24

0.28

0.25

0.25

0.21

0.28

0.32

0.30

0.24

0.24

0.25

0.25

0.22

0.27

0.30

0.22

0.25

0.34

0.32

0.26

0.29

0.33

0.30

0.23

0.25

0.31

0.26

0.21

0.25

0.31

6-9

0.23

0.22

0.25

0.32

0.24

0.32

0.31

0.31

0.26

0.27

0.23

0.24

0.26

0.27

0.24

0.30

0.28

0.30

6-12

0.32

0.30

0.23

0.24

0.25

0.25

0.28

0.30

0.31

0.25

0.23

0.30

0.30

0.32

0.27

0.22

0.28

0.26

9-3

0.29

0.29

0.28

0.27

0.26

0.28

0.25

0.24

0.24

0.27

0.26

0.24

0.28

0.28

0.25

0.27

0.28

0.31

9-6

0.25

0.30

0.30

0.28

0.30

0.26

0.23

0.23

0.25

0.24

0.21

0.30

0.32

0.30

0.29

0.32

0.26

0.27

9-9

0.25

0.29

0.25

0.26

0.26

0.31

0.31

0.26

0.29

0.29

0.30

0.32

0.27

0.31

0.25

0.24

0.24

0.27

9-12

0.24

0.28

0.30

0.22

0.28

0.28

0.28

0.26

0.30

0.27

0.33

0.25

0.25

0.25

0.32

0.28

0.25

0.27

12-3

0.30

0.26

0.34

0.28

0.25

0.21

0.24

0.23

0.26

0.27

0.26

0.30

0.25

0.24

0.31

0.28

0.24

0.29

12-6

0.24

0.28

0.27

0.27

0.28

0.28

0.26

0.31

0.28

0.23

0.25

0.23

0.25

0.30

0.30

0.25

0.20

0.21

12-9

0.29

0.22

0.25

0.25

0.25

0.29

0.25

0.31

0.23

0.33

0.24

0.28

0.28

0.23

0.29

0.26

0.30

0.30

12-12

0.30

0.26

0.31

0.25

0.26

0.30

0.23

0.24

0.26

0.28

0.30

0.26

0.28

0.28

0.29

0.32

0.30

0.27

4 wG = winGamma
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At Mashad station, the best prediction for the 3-month horizon is obtained from the
average 3-month data (3-3) and GA method, with Nash of 0.32. For the time horizons of 6, 9
and 12 months, the most accurate predictions are for the mean of 6 (6-6), 6 (6-9) and 3
months (3-12), and the GA, SOM and GA methods, with Nash of 0.37, 0.32, and 0.31,
respectively. GA provides the best forecast for 11 cases and this indicates the absolute
superiority of GA at this station. Moreover, TNA, NINO3, MEI, PDO, EAWR, O600,
RH600 and SP are the selected climate indices for the most accurate forecast (6-6) in
Mashhad station.
At Zahedan station, the best prediction for the 3-month horizon is obtained from the
mean 3-month (3-3) and SOM method, with Nash of 0.29 for the test period. For the time
horizons of 6, 9 and 12 months, the most accurate predictions are for the mean of 6 (6-6), 3
(3-9) and 6 months (6-12), and GA, SOM and GA. The Nash indices are 0.32, 0.32, and
0.31, for the test period respectively. For 16 predictive states, GA provides the most accurate
results with 7 times and this is 3 and 6 times for winGamma and SOM. Of the 16 different
modes in this station, in 7 modes of the GA method, 3 modes of the winGamma mode and 6
modes, the SOM method has the most accurate predictions, which indicates the relative
superiority of the GA method. Moreover, NAO, AO, NINO3.4 and RH600 are the selected
climate indices for the most accurate forecast (6-6) in Zahedan station.
Results for Urmia, Mehrabad and Ahwaz stations are illustrated in Figure 3. At Urmia
station, the best result for the 3-month time horizon is obtained from the average 3-month
data and the winGamma method, with a Nash index of 0.31. In addition, for the periods of 6,
9 and 12 months, the highest accuracy are obtained from the mean of 6, 12, and 9 months
data by SOM, SOM and winGamma, respectively, in which the amount of Nash indices are
0.33, 0.34 and 0.33. In this station, winGamma with 7 times superiority has better
performance in comparison with GA and SOM with 5 and 4 times superiority. Moreover,
PNA, PDO, NINO3 and TNI are the selected climate indices for the most accurate forecast
(12-9) in Urmia station.
At Mehrabad station, the most accurate predictions for time horizons of 3, 6, 9, and 12
months were SOM, SOM, winGamma and GA, using the mean of data 6, 9 , 9 and 9
months. The values of the Nash index in each of these forecasts are 0.32, 0.32, 0.31 and
0.32, respectively. Of all the predicted states, GA, winGamma and SOM obtain the best
results 7, 5 and 4 times. Therefore, at the Mehrabad station, the GA method has more
acceptable accuracy than the other two methods. Moreover, NAO, Stand Tahiti-Stand
Darwin, SOI_Tahiti_Darwin_SLP, AMO, NINO4, PE, TNI and SP are the selected climate
indices for the most accurate forecast (9-12) in Mehrabad station.
As Ahwaz station, the best results for the periods of 3, 6, 9 and 12 months are obtained
from the mean of 9, 9, 6 and 12 months data, and GA, SOM, GA and SOM methods. The
Nash in each of them is 0.31, 0.32, 0.30, and 0.32, respectively. GA provides the most
accurate result 8 times which this is 4 times for both winGamma and SOM. This shows that
GA method is more accurate than the other two methods at Ahwaz station. Moreover, Stand
Tahiti - Stand Darwin, SOI_Tahiti_Darwin_SLP, AMO, NINO3 and BEST are the selected
climate indices for the most accurate forecast (12-12) in Ahwaz station.
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Figure 2. Results for Bandar Abbas, Mashhad and Zahedan stations
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Figure 3. Results for Urmia, Mehrabad and Ahwaz stations
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Figure 4. Circle diagram for the contribution of each signal

Examining the results, out of 96 predictions performed at all stations, in 43 cases, GA, in
28 cases, winGamma, and in 25 cases SOM have the best results compared to the other two
methods. According to this, as a generalized assumption, it can be stated that at least for the
selected stations in this paper, the GA method is more reliable than the other two methods,
and can be used to make predictions for future applications as a reliable input selection
method. Moreover, among different climatic signals, PDO, TNI and NINO3 are the most
repetitive indices for the most accurate forecast of each station. Figure 4 shows the circle
diagram for the contribution of each signal.

5. Conclusion
The purpose of this study was to predict rainfall using artificial neural network and
utilizing large scale climatic signals as well as observed rainfall and temperature of past
years. For this purpose, at 6 stations in Iran (including Bandar Abbas stations in Hormozgan
province, Mashhad in Khorasan Razavi province, Zahedan in Sistan and Baluchestan
province, Urmia in West Azarbaijan province, Mehrabad in Tehran province, and finally
Ahvaz in Khuzestan province) with different weather conditions were selected. Due to the
abundance of data and variables, three methods of input selection such as genetic algorithm
(GA), winGamma software and self-organized map (SOM) were used to select variables for
neural network inputs.
After extracting the results, for each station, the precise predictions for each time horizon
(which included 3, 6, 9 and 12 months) were expressed and the corresponding method was
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also introduced. According to the results, at 4 stations of Mashhad, Zahedan, Mehrabad and
Ahwaz GA method and at 2 stations of Bandar Abbas and Urmia, the winGamma provides
the highest accuracy predictions. For conclusion, out of 96 predictions performed at all
stations, in 43 cases, GA, in 28 cases, winGamma, and in 25 cases SOM had the best results
compared to the other two methods. To sum up, as a generalized assumption, it can be said
that at least for the selected stations in this paper, the GA method is more reliable than the
other two methods, and can be used to make predictions for future applications as a reliable
method. Moreover, among different climatic signals, PDO, TNI and NINO3, each with three
times selection, are the most repetitive indices for the most accurate forecast of each station.
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