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Abstract

Forecasting solar radiation is important for many
applications in research related to renewable energy.
Solar radiation is forecasted by solar radiation forecast
models including the traditional models and artificial
neural network (ANN) based model. There are
geographical and meteorological variables that affect the
solar radiation, thus identifying the appropriate variables
to forecast solar radiation correctly is an important issue
in the research area. Accordingly Waikato Environment
for Knowledge Analysis (WEKA) Software was used in
11 points in Guilan based on different weather conditions
to find the most effective input parameters to forecast
solar radiation in different ANN models. Input
parameters include latitude, longitude, maximum wind
speed, average temperatures in each month, the average
maximum air temperature, average minimum air
temperature, sunshine, monthly rainfall, maximum
rainfall in a day for different cities of Gilan. In order to
check the reliability of the forecasts by known
parameters, three ANN models have developed (ANN-1,
ANN-2 and ANN-3). The maximum MAPE for ANN-1,
ANN-2 and ANN-3 equals 22.15%, 20.29% and 22.14%,
respectively indicating 1.86% improvement in the
accuracy in the prediction of ANN-2.

Keywords: Neural Network, Data Mining, WEKA

1. Introduction

Solar energy is a clean source of energy with high
potential to meet the needs related to energy. The
assessment of solar potential energy requires
information on solar radiation in different places.
In order to find the most relevant parameters, the
variables must be selected by combining various
input parameters so that the best forecast is made
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which is time consuming. Therefore, in this study
WEKA software version 7.3.10 is used to forecast
solar radiation at 11 points in Guilan Province with
different climatic conditions which is discussed
below. In order to check the accuracy of prediction,
ANN models have been developed (ANN-1, ANN-
2 and ANN-3). Model ANN- 1 was created using
input parameters while model ANN-2 was
provided by the most relevant parameters presented
by WEKA software and model ANN-3 was
presented by removing the relevant parameters that
can be used to forecast solar radiation at some pints
in Guilan. The paper is set out as
follows; Evaluation studies in section 2 and
databases and methods are presented in Section 3.
Results in Section 4 and conclude have come in
Section 5.

2. Research about Identify input
parameters to forecast Solar radiation
based on ANN

ANN models use different meteorological and
geographical variables of an area as the input data
to forecast solar radiation. Azeez [1] used back
propagation neural network to estimate average
monthly solar radiation in Gusau, Nigeria. The
duration of radiation, the average prevailing
temperature and relative humidity were considered
as output. Statistical analysis (R = 99.96, MPE =
0.8512, RMSE = 0.0028) showed the best
agreement between measured and estimated values
of solar global radiation.
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Linares-Rodriguez And colleagues [2] used From
MLP model estimate solar radiation in Spain by
using irradiation obtained by satellites. The input
layer has 12 inputs (11 channels Meteosat and
radiation of the sun on a clear day). RMSE is equal
to 6.74%. The model works well in cloud and
sunny weather conditions. According to studies, it
was found that the accuracy of forecasting ANN
model change by using geographic and
meteorological variables as input parameters. To
select the relevant input parameters, the researcher
must use various combinations of input parameters
to assess the accuracy of forecast models ANN.
That It requires a lot of computational analysis.
Therefore choosing the most relevant input
parameters for the ANN models is and important
research failure addressed in this study.

3. Methods
3.1. Solar radiation data source

11 selected locations in different climate zones in
Gilan which were used to try and test the ANN
models, came in Figure 3. Data from these stations
Meteorological Organization in Gilan Province in
the study for an average of four years, from 1387 to
1390, are presented in tables 11 and 12.

3.2. Select the input variables using WEKA

Choosing the input variables is the first step is to
develop ANN models. The Input test data including
temperature, maximum temperature, minimum
temperature, altitude, hours of radiation, latitude
and longitude for the solar radiation models are
obtained by Table 1. In the process of selection of
variables, the most relevant input variables should
be evaluated to forecast solar radiation. To select
the related input variables the feature evaluator and
search method are selected as the result of which
all variables are observed. The rank of each input
variable as determined by WEKA to forecast solar
radiation is presented in figures 3, 6 and 9.

The latitude variables have lowest rank. So,
At Select the relevant input variables To calculate
the accuracy of forecasting solar
radiation, Latitude removed from the input vector

relevant variables obtained from WEKA(Average
air temperature in each month (T), the average
minimum temperature (Tmin), the average
maximum temperature (Tmax), the maximum wind
speed (meters per second)) wind (m /s, sunshine
(hours) (SH ), the maximum daily rainfall (mm),
rain (mm) day monthly rainfall (mm) rain (mm)
month) and ANN-3 model uses variables, the
average minimum temperature (Tmin), the average
maximum temperature (Tmax), the maximum wind
speed (meters per second)) wind (m /s, sunshine
(hours) (SH), the maximum daily rainfall (mm),
rain (mm) day and monthly rainfall (mm) rain
(mm) month.[3,4]

3.3. Predictive models of solar radiation with
selective input

ANN Models (ANN-1, ANN-2 and ANN-3) have
been created by network fitness tools that are used
to forecast.

The number of neurons in the hidden layer is
evaluated by equation (1) [5,6] where H,and S, are
the number of hidden layer neurons and sample
data used in the ANN model, I, and O, also
indicated input and output parameters.

Hn=(In+On)/2 +Sn (1)

Sensitivity tests to validate the number of hidden
layer neurons is performed by calculating the
change in prediction error (MAPE) at the time of
change in the number of neurons in the hidden
layer as + 5 of hidden layer neurons calculated by
the equation (1). The analysis of neurons’
sensitivity is done for ANN models; MAPE was
obtained by Equation 2 and ANN structure by
minimum MAPE is used to forecast solar radiation.

MAPE = ((1/n Yi=" [H/HO - A/ HO| ) x100) / A/ A0 (2)

4. Discussion

In this system, we mean absolute percentage error
(MAPE) considered as a parameter. To help
ranking software "Weka" we find that At Model
ANNZ1, latitude has least importance.

X.And The accuracy of prediction was Table 1: meteorologicz_il_dat_a and gt_eographic coordinates for the
. . 11 cities in the Gilan ANN1

calt_:ulated by using ANN based on relevant_ input City Wind T [ Tmax | Tmin SH

var!able. After solving th_e problem of selection of Astara 97 11596 | 1942 | 1243 | 14457
Varlables, Three ANN (le ANN-l, ANN-Z and Anzali 16.67 | 17.08 | 19.41 14.7 149.84
ANN-3) were developed to calculate predictive Jirandeh | 24.16 | 12.72 | 17.05 | 834 | 221.83
accuracy. ANN-1 model uses variables of average Rudesar | 9.16 | 16.97 | 2051 | 13.4 136.23
monthly air temperature (T), the average minimum Rasht 12.16 | 16.74 | 21.3 | 12.12 | 130.85
temperature  (Tmin), the average maximum Kiashahr | 12.08 | 16.87 | 20.44 | 13.27 | 127.85
temperature (Tmax), the maximum wind speed Talesh | 11.58 | 16.59 | 19.84 | 13.09 | 116.34
(meters per second)) wind (m /s, sunshine (hours) Masuleh | 10.66 | 1255 | 16.19 | 8.86 | 111.22
(SH), the maximum daily rainfall (mm), rain (mm) Manjal | 17.83 | 18.41 | 2353 | 13.24 | 233.61
day monthly rainfall (mm), rain (mm) month and Lahijan | 7.83 | 16.91 | 21.38 | 12.39 | 1412

latitude. ANN-2 model uses From The most Dealaman | 13.08 | 1207 | 169 | 7.21 | 153.48
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Table 2: meteorological data and geographic coordinates for the

Table 4: meteorological data and geographic coordinates for the
city of Gilan 9 ANN2 model

11 cities in the Gilan ANN1 City Wind T Tmax Tmin
City et 'fj:;‘ Lat | Long | HHO | Fufio Astara 9.7 15.96 | 19.42 | 12.43
Astara | 9427 | 41.44 | 55 | 38 | 05 | 0.6026 Anzali 1667 | 1708 | 1941 | 147
Anzali | 123.97 | 3847 | 49 | 37 | 041 | 0.6026 Jirandeh 2416 | 1272 | 17.05 8.34
Jirandeh | 21.83 | 7.79 | 50 | 37 | 056 | 0.6043 Rudesar 9.16 16.97 | 2051 134
Rudesar | 109.17 | 42.66 | 50 | 37 | 05 | 0.6021 Rasht 1216 | 16.74 21.3 12.12
Rasht 102.06 | 32.23 | 49 37 0.48 | 0.6019 Kiashahr 12.08 16.87 20.44 13.27
Kiashahr 83.22 21.2 56 32 0.51 0.6018 Talesh 11.58 16.59 19.84 13.09
Talesh | 102.79 | 39.9 | 48 | 37 | 042 | 0.6012
Masuleh | 75.75 | 2029 | 49 | 37 | 0.43 | 0.6009 D“g:f:r:f:n ig'gg igg? 1166199 g'gi
Manjal | 13.33 | 6.46 | 49 | 36 | 0.51 | 0.6045 : : : :
Lahijan | 111.13 | 35.65 | 50 | 37 | 0.34 | 0.6023
Dealaman | 33.04 | 14.14 | 49 37 0.5 0.6028 Table 5: meteorological data and geographic coordinates for the
city of Gilan 9 ANN2 model
. Rain Rain Ao
If the amount of solar radiation on the earth's City St month | day | MO | HWHO
surface (H / HO) is considered in the WEKA class Astara | 144.57 | 94.27 | 4144 | 0.5 | 0.6026
software, the ranking is obtained as follows: Anzali | 149.84 | 12397 | 3847 | 041 | 0.6026
Where the longitude, latitude and average JF;ra:jndeh 521'23 121'8137 472'79 0.56 0'60;?
temperature are the input values that have the least udesar | 136.23 | 109. 661 05 | 060
. Rasht 130.85 | 102.06 | 32.23 | 0.48 | 0.6019
impact on the results and have a lower rank. :
. . Kiashahr | 127.85 | 83.22 21.2 0.51 | 0.6018
Table 3 presents the input variable ranks by WEKA Talesh 11634 | 10279 | 399 | 0.42 1 0.6012
algorithm to predict solar radiation in the model Masuleh 111'22 75 '75 20 '29 0'43 0'6009
ANNL1 that contains all input values (Latitude, Dealaman | 153.48 | 33.04 | 1414 | 05 | 06028

longitude, maximum wind speed, with average
temperatures in each month, the average maximum
air temperature, average minimum air temperature,
sunshine hours, rainfall monthly, maximum rainfall

Table 6: The number of input variables by WEKA algorithm to
predict solar radiation in the ANN2

. . Rank attributes
in a single day as our workload to the system.) 0.083 Wind
0.0495 Rain(mm)month
Table 3: The number of input variables by WEKA algorithm to ggigg Rai SH d
predict solar radiation in the ANN1 : aln(mm) ay
Rank attributes -0.0178 Tmin
0.0495 Rain(mm)month -0.0328 T
0.0324 SH .. .
0.0188 Rain(mm)day Temperature parameter should be eliminated in
-6.0178 Tmin model ANN3,The maximum wind speed, the mean
0.0217 Tmax maximum air temperature, hours of sunshine,
-0.0328 T monthly rainfall and maximum rainfall in one day
-0.0587 Lat are entered to the system as the workload.
-0.0611 Long For this purpose one of the 11 cities in Guilan

In. ANN2 model the longitude and latitude
parameters must be removed, the maximum wind
speed, average air temperature in each month, the

province in which temperature parameter has the
highest importance (Jirandeh) is eliminated.

Table 7: meteorological data and geographic coordinates for the
8 cities of Gilan in the ANN3

mean maximum air temperature, the average City Wind I T 1 Tmax | Tmin SH

minimum air temperature, hours of sunshine, Astara 9.7 | 1596 | 1942 | 12.43 | 14457
monthly rainfall and maximum rainfall in one day Anzali 1667 | 17.08 | 19.41 | 147 149.84
are entered to the system as the workload. Rudesar | 9.16 | 16.97 | 20.51 | 134 136.23
For this purpose we perform data mining for 11 Rasht 12.16 | 16.74 | 21.3 | 12.12 | 130.85
cities in Guilan province and remove two cities in Kiashahr | 12.08 | 16.87 | 20.44 | 13.27 | 127.85
which the input values for longitude and latitude Talesh | 1158 | 16.59 | 19.84 | 13.09 | 116.34
are more important (in Manjil and Lahijan). In this Masuleh | 10.66 | 12.55 | 16.19 | 8.86 | 111.22
model the temperature parameter has the least Dealaman | 13.08 | 12.07 | 169 | 7.21 | 15348

importance.
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Table 8: meteorological data and geographic coordinates for the With decreasing temperature (Increasing the
8 cities of Gilan in the ANN3 number of reps and getting closer to the answer),
_ — - — pa}rticle displacement is reduced and local search
City month day Lat | Long | H/HO H/HO will occur.
Astara 9427 | 4144 | 55 | 38 05 | 06026 One major difference between SA and GA is that
Anzali | 12397 | 3847 | 49 | 37 [ 0.41 [ 0.6026 SA is a single factor algorithm while GA is a
Rudesar | 109.17 | 42.66 | 50 | 37 | 05 | 0.6021 population or multi-factor algorithm, thus GA gets
Rasht | 10206 | 32.23 | 49 | 37 | 048 | 0.6019 a better answer and the possibility of local
Kiashahr | 8322 | 212 | 56 | 32 | 051 | 0.6018 minimum is low. For example, in our simulations,
Talesh | 102.79 | 39.9 | 48 | 37 | 0.42 | 0.6012 . - . .
Masuleh | 7575 1 2029 | 49 | 37 | 043 | 0.6009 SA algorithm is repeated more than 15,000 times in
Dealaman | 33.04 | 14.14 | 49 | 37 05 | 0.6028 each run to reach the optimal solution, while the

genetic algorithm is run 10 times and assuming a
total of 40 children in each run, it is performed 400

Table 9: The number of input variables by WEKA algorithm to times and has reached the optimal solution[7].

predict solar radiation in the ANN3

Rank attributes

0.083 Wind

0.0495 Rain(mm)month Simulation equation 2 with SA

0.0324 SH

0.0188 Rain(mm)day B Figure £ e IR ==
-0.0178 Tmin File Edit View Insert Tools Desktop Window Help 5
-0.0217 Tmax NE WS b R0 EL- (G0 uD

Iteration: 10

With the help of equation (2) to obtain the mean
absolute percent error for three ANN1, ANN2 and
ANN3 The mean absolute percent error for the
ANNI1:

MAPE=(1/n€ni=1|(H/HO0-H/H0)/H/HO
) x 100 = 22.15 (3)

The mean absolute percent error for the ANN2:

MAPE =(1/n€ni=1|(H/HO-H/H0)/H/HO
l) x 100 = 20.29 (4)

The mean absolute percent error for the ANN3: Figure 1: Output Simulation shows the minimum MAPE error.

MAPE =(1/n€ni=1|(H/HO-H/HO0)/H/HO

% 100=22.14 ®
File Edit View Inset Tools Deskiop Window Help k)l

Model ANN2 is able to better forecast solar NE L bR DE L G0 =

radiation for having the lowest error. Iteration: 10

Based on the result of the calculation we find that :

the ANN2 model outperforms model ANN3 and S |

the performance of model ANNS3 is higher than T I N

ANNL.

The error results indicate that model ANNZ2has the
lowest error and it is considered as the best model.
We want to obtain the maximum and minimum
MAPE error obtained by equation (2) using
algorithms GA and SA described below.

For this purpose the values of H / HO and H / HO
are considered in the range between 0 and 1.

For each of these functions Simulated Annealing
(SA) algorithms and genetic algorithm are used and
compared.

This algorithm is made of two nested loops. First
the temperature is very high (in our simulation
randi (100,000)), so particle displacement is very
high.

Figure 2: Output Simulation shows the maximum MAPE error
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Figure 3: The above image is a map of Gilan That shows the
selected cities to examine and test the model ANN.

Table 11: meteorological data and geographic coordinates for
the 11 cities in Gilan

City Wind T Tmax | Tmin SH
Astara 9.7 | 15.96 | 19.42 | 12.43 | 144,57
Anzali 16.67 | 17.08 | 19.41 | 14.7 | 149.84

Jirandeh | 24.16 | 12.72 | 17.05 | 8.34 | 221.83
Rudesar | 9.16 | 16.97 | 20.51 | 13.4 | 136.23
Rasht 12.16 | 16.74 | 21.3 | 12.12 | 130.85
Kiashahr | 12.08 | 16.87 | 20.44 | 13.27 | 127.85
Talesh | 11.58 | 16.59 | 19.84 | 13.09 | 116.34
Masuleh | 10.66 | 12.55 | 16.19 | 8.86 | 111.22
Manjal | 17.83 | 18.41 | 23.53 | 13.24 | 233.61
Lahijan 7.83 | 16.91 | 21.38 | 12.39 | 141.2
Dealaman | 13.08 | 12.07 | 16.9 | 7.21 | 153.48

www.ACSlJ.org ACSIJ
WWW.ACSLI.ORG
Table 10: Abbreviations used Table 12: meteorological data and geographic coordinates for
the 11 cities in Gilan
Lat Latitude City Rain | Rain | Lat | Long | H/HO
Wind Longitude month | day
T The average air temperature Astara 94.27 | 41.44 | 55 38 05
s avef:g;emrﬁgt(?mum = Anzali [ 123.97 | 3847 | 49 | 37 0.41
Tmax temperature Jirandeh | 21.83 | 7.79 | 50 37 0.56
i The average minimum air Rudesar | 109.17 | 42.66 | 50 37 0.5
temperature Rasht 102.06 | 32.23 | 49 37 0.48
SH Sunshine hours(hrs) Kiashahr | 83.22 | 21.2 | 56 | 32 0.51
Rain month Monthly Rainfall(mm) Talesh 102.79 | 39.9 | 48 37 0.42
Rain day The maximum daily Masuleh | 75.75 | 20.29 | 49 37 0.43
rainfall(mm) Manjal | 1333 | 6.46 | 49 | 36 051
MAPE Tgeergﬁggaeb:fr'gr‘e Lahijan | 111.13 | 35.65 | 50 | 37 | 0.3
Monthly average daily solar Dealaman | 33.04 | 14.14 | 49 37 0.5
H/HO radiation forecast data for the
month i The first model based on the parameters of the
Monthly average daily solar sundial, estimates the amount of radiation on a
H/HO radiation data measured for horizontal surface is Angstrom empirical equation
month i (2) and Prescott (8).

H/HO=a+b(ii/N) (6)

In the above equation H represents the total daily
radiation per month, o represents measured
radiation outside the atmosphere, N is the average
monthly hours of sunshine daily, N is the average
monthly peak sunshine hours (during the day).[8]

arovs awoos sros wers arove
' 1 1 ! i

\_7 7 e T
- .
= T . |
lam W0 g Mmoo e
=1 ——r

Figure 4: climatic classification

In the above map Iran is divided into five regional
areas Gilan province is in the region of five. The
parameters a and b are coefficients fixed equation
That at Region Five are Equal 0.404 and 0.204
respectively.

H/HO0 = (KT) x (TD) %5 @)
TD = Tmax - Tmin (8)

In the above equation are H and HO radiation
reaching the Earth and Extraterrestrial radiation in
calories per square centimeter per day (Cal \ cm2
day), respectively. TD is Daily temperature range
(0C) and KT is constant coefficient equation that
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For coastal and non-coastal are

0.19 and 0.16

respectively.
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Figure 5: Evaluation of neural networks ANN-1
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Figure 6: Evaluation of neural networks ANN-2

43

Wil

WWW.ACS51).0RG
-
@ Neural Netwerk Training [nntram lnmg
Neural Network
Hidden Layer OutputLayer
Input Output
6 1
5 1
Algorithms
Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainlm)
Performance: Mean Squared Error  (mse)
Derivative: Default (defaultderiv)
Progress
Epoch: 0 || T iterations 1000
Time: 0:00:00
Performance: 00304 [T R 36060 | 000
Gradient: o032 [T N0N0SE T 1.00e-05
Mu: 0.00100 L.00e-06 1.00e+10
Validation Checks: 0 8 6
Plots
1 (plotperform)

(plottainstate)
(letigresion
Plot Interval: L) 1 epochs
v Validation stop.

II ® Stop Training @ Cancel

Figure 7: Evaluation of neural networks ANN-3

5. Conclusion

The present study shows the robust nature of
WEKA in evaluating the most effective parameter
to forecast solar radiation using ANN. It was found
that the most relevant parameters to forecast solar
radiation  include  temperature,  maximum
temperature, minimum temperature, altitude, and
the hours of sunshine.Maximum MAPE for models
ANN-1, ANN-2 and ANN-3 equals 22.15%,
20.29% and 22.14%, respectively indicating a high
level of accuracy for ANN-2 that have used the
most relevant input variables. ANN-2 model
developed could be used to forecast solar radiation
at any location in Guilan. Further studies can be
made for more accurate estimation of the solar
potential of the area. The future study should be
focused on finding the most relevant parameters of
the meteorological variables with improved
forecast accuracy in different ANN models. We
made a 5 layer neural network by data collected
from 11 cities in Guilan. Input reduction and
elimination of longitude and latitude from the input
data caused the model ANN2 to be built more
quickly than ANN1. As a result in this model we
observe higher performance ability
(Throughput).[9]
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