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Artificial Neural Networks Model for Short Term Forecasting Global Irradiation at
Center station in the Nine Station Photovoltaic

Chao Rong Chen
Dept. Electrical Engineering
National Taipei University of Technology
Taipei, Taiwan
E-mails: crchen@ntut.edu.tw

Abstract— This article will studies of forecasting global
irradiation (GI) for the short term at one station photo voltaic
system (PV) which the station is located at center point
between the eight other photovoltaic stations. Short-term
forecasting model which is known as Artificial Neural
Networks (ANNs) is divided into two models, the first model
without taking into account temperature and the second model
based on data from meteorological temperature. In this article
proposes forecasting which use a combination of exponential
smoothing models as preprocessing of data and ANNs as a
technique for predicting GI 60 minutes ahead. The simulation
results with ANNs forecasting model will be compared with
measured data. The result performance of our scheme show
good results and have a satisfactory accuracy which can be
obtained RMSE value 6.28% without consider of temperature
and 5.18% consider data temperature, respectively.

Keywords- Artificial Neural Network (ANNs); forecasting; global
irradiation.

I.  INTRODUCTION

The evolution of human technology has developed very
fast, the source of solar energy can be used for solar power
generation. Solar energy is a renewable energy which can be
used freely and can be applied to meet human demands,
especially electric energy in daily life. The usage of energy,
particularly solar energy can be utilized as an alternative
energy in order to reduce dependence on energy
conventional (un-renewable) or a hydrocarbon-based
energy. The usage of solar energy is one of the best choices
to fulfill the needs of electricity, as solar energy provides
energy troop numbers are very abundant, especially in the
area which have high sunlight intensity. Photovoltaic
systems have reliability in meeting consumer demand for
electrical energy, which need meteorology data, i.e.
temperature, which are part of very important in influencing
the operation of solar energy. The operation of the
photovoltaic system (PV) need several conditions of the
data variable meteorology. It obviously that the electricity is
generated by the photovoltaic system (PV) solar energy is
strongly influenced by the great number of GI. The
concentration of the solar radiation on each photovoltaic
panel have varies according to geographic location, the time
and the concentration of sunlight by photovoltaic panel
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DOI 10.1109/AMS.2015.11

Unit Three Kartini

Dept. Electrical Engineering
National Taipei University of Technology
Taipei, Taiwan
E-mail: 101319021 @ntut.edu.tw ,
uunitthree@gmail.com

system. It is clearly that variable solar radiation a very
significant and give a major influence on the behavior of the
solar force that will be generated. Because of the diversity
of the global solar radiation as well as providing an
enormous influence on the performance of the PV-system.
The authors of [1] and [2] have presented the forecasting
GHI with a novel method at the ground level from satellite
images using NN, prediction of daily global solar irradiation
using temporal Gaussian process in paper explain about
evaluate the estimation of solar irradiation used Gaussian
process regression (GPR).

The several literatures have presented numerous models
prediction for PV modules, especially forecasting model for
GI which are popular and many research, discuss about
global solar irradiation forecasting using mathematical
models, among the others, namely artificial neural network
based daily local forecasting for global solar radiation. The
authors of [3] have presented about implementing
methodology which design model of artificial neural
networks (ANN) for local forecasting of daily global
horizontal irradiance (GHI) based on daily weather
forecasts. The authors of [4] have presented ANNs based on
meteorological data for input forecast solar irradiation at the
surface, spatiotemporal pattern recognition and nonlinear
PCA for global horizontal irradiance forecasting. The
forecasting global solar radiation with estimation method
based on ambient temperature and relative humidity for
prediction which use two method, i.e. first method use
decision matrix, while the second method use regression
correlation of meteorological parameters. To get the result
estimation global radiation for predicting the average daily
and hourly global radiation and diffuse radiation have been
proposed in [5]. The authors of [6] have presented about
dataset which consist of each parameter input data hourly
and daily clearness index and diffuse fraction at a tropical
station. An accurate forecast of solar irradiation is required
for various solar energy applications and environmental
impact analysis one of modeling for hourly and daily solar
irradiation forecast using diagonal recurrent wavelet neural
networks have been presented in [9-19]. Time series
modeling and large scale global solar radiation forecasting
from geostationary satellites data have been presented in [20-
21]. Direct normal irradiance forecasting and its application
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to concentrate solar thermal output forecasting and
prediction of hourly solar radiation using a novel hybrid
model of ARMA and TDNN have been presented in [22-23].
The authors of [24] have presented nearest-neighbor
methodology for prediction of intra-hour global horizontal
and direct normal irradiances which explain about a novel
forecasting methodology for intra hour solar irradiance
based on optimized pattern recognition using k-NN
algorithm. However, all of aforementioned only consider
one station and do not consider station its surround.

In this article proposes for short term forecasting solar
irradiation (GI) at PV-system for 60 minutes ahead of time
which be located at point center and consider its surround of
PV-system. The proposed can be achieved by modeling
location PV-system which is represented in Fig 1. For to get
accurate short term forecasting ahead of time results, the
proposed use meteorology weather data, which is known as
global irradiation data and temperature data. The rest of this
paper is organized as follows: Section 2 describes a location
model and data position of the nine station PV-system.
Section 3 explains and present about the neural networks
methodology for forecasting solar irradiation while the
modeling proposed for the analysis of result simulation
presented in section 4. Finally, some conclusions are given
in section 5.

II. MODEL LOCATION STATION PV-SYSTEM

Position information about each station can be seen in
Figure 1. In Figure 1 illustrates the placement of nine
stations PV-systems which are neighbors to one another.
While the station S is located in a central position and its
surrounded by eight other PV-systems.

Data is taken based on the measurement of PV-system
nine locations are conducted continuously every 5 minutes
during two hours from 5:10 till 7: 00 on June 8, 2012. To
generate parameter information, meteorological research,
with data per hour measured irradiation global (GI) (W/m2)
and ambient temperature (Ta) (°C). In this article, carried
only a short-term forecasting for station PV-systems which
the station S is located in the center as shown in Figure 1.

1. METHODOLOGY

In this article, based on the methodology which consider
for short-term forecasting of global irradiation (GI).
Forecasting methodology as follow, the first aimed at short-
term forecasting for global irradiation (GI) on the PV
system is located in the center, namely S stations. The
modeling of position or placement of nine places around the
PV-system, and between the PV and the other one next to
each other and have a short distance to the station S.
Modeling or design of nine PV- system is carried out based
on the distance and measured based on data, meteorology of
each PV-system, especially the data environment

temperature. The GI and meteorological data (temperature)
is taken an average value per 5 minutes to various hours.

Figure 1. PV-system design models with nine stations.

The time information of data for each station PV-system
in one hour, where in one minute is composed of six data.
The second goal is to make short-term forecasting of GI for
60 minutes next to the station S. For forecasting GI, the data
is measured by taking into account the meteorological data
such as temperature and forecasting carried out without
taking into account the temperature of eight stations PV-
system that surrounds the location the target station (station
S) and close proximity to each other. Forecasting model GI
of target station will use neural networks as shown in Figure
2.

In addition, the method of forecasting neural networks
can be programmed to forecasting in a few hours later have
been carried out, periodically measured data is then
processed to obtain the input data to be pre-processing.
After getting the data pre-processing to forecasting GI then
the data will be used based on the information input data for
forecasting GI 60 minutes ahead. Because of the pre-
processing performance is good and perfect will get the
average value data for global irradiation as well as taking
into account the meteorology data, it will get better
forecasting results. Thus, forecasting a good GI can later be
used as input variables when calculating of the energy is
generated by the photovoltaic products fuel.

Exponential smoothing given time series modeling using
simple linear regression equation, forecasting based
approach to the value of global irradiation (W/m2) in a
central position between eight PV- systems which its
surround each other and have close proximity to each other,

where the intercept (f ) and slope bo(t) are varying

slowly over time. In this article, the rate of exponential
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Figure 2. The proposed forecasting GI at the target station center modelling
with Neural Networks.

decay is taken with alpha = 0.9 and use this value for alpha
(a), because the value is considered to be the closest and
provide short-term forecasting results for GI (W / m2) is
good. Equation for forecasting exponential smoothing,
which can be defined by [25] as shown in Eq. (1)

SAt:aPt+(l_a)SAt—1 (D

For more detail about our proposed can be seen in figure
3 which explain modelling, forecasting GI with neural
networks for the center station S photovoltaic system.

IV.  ANALYSIS OF SIMULATION RESULT

In this article, the input data is used as parameters in the
simulation forecasting (GI) with neural network method
which use two models, the first model without taking into
account temperature and the second model taking into
account the data of meteorological forecasting temperature.
Thus, for meteorological data that will be used in
forecasting GI at one of the stations as much as 2 input
variables (GI and temperature) PV-system data.

Model of design to that used in the neural network for
forecasting system in accordance with the model design has
a processing stage that can give more valid results. Where to
System forecasting, modeling ANNs consists of input,
determination, determination of output and determines
network architecture that will be used. For multi-layer
neural networks will perform with different processing,
which is considered to get a better mapping between input
and output on ANNs modeling.

Possible combinations of variables that will be considered
as the data input of ANNs modeling is the data of GI and

GI

target

ST

center

»
»

Design model Station

Ll

Pre-processing step

Training step

A
Validation Step

I

l

Output Value
Forecasting

Figure 3. The flow chart of the ANNs modelling, forecasting GI.

ambient temperature for a short-term forecasting.

The proposed scheme is a short-term forecasting for GI
value of 60 minutes ahead which target location is
surrounded by eight stations PV-system adjacent to one
another. Because the processing of short-term forecasting
for GI for 60 earlier on the target station depend on the
value of GI and temperature values from another station.

In this article use two step models, the first step model with
9 station PV-system consist of one station target position at
the center and surrounded by 8 station PV system where
each other is located adjacent to each other. Forecasting is
done for only two hours, each hour divided into 12 periods
in a row, and each period is divided in 5 minutes at any
location station PV-system. Thus, for the amount of data
entered in the GI regardless of forecasting temperature has



108 inputs and 1 output GI forecasting results on the target
station. The second step model also use 9 station PV system
taking into account the data of meteorological temperature
as the input data 216 is comprised of 12 for input data GI
and 12 period as input data of temperature and 1 output as
forecasting results GI on the target.

Gl -Gl .
GI — t t min 2
norm (Gl —G]me) ( )

t max

In order to calculate of the normalization, the value of GI
use great value or infinitive. Then, the normalization of GI
value for model ANNs per hour is calculated by the
equation (2). After that perform simulation forecasting of GI
value on the target station use nine GI value at each station
for training ANNs and testing models. The result of
normalization of center station value for 60 minutes ahead
of time can be shown in Figure 4 and is explained for each
part. In Figure 4. (a) Describe the results of simulation
modeling ANNSs for forecasting GI value without taking into
account the data on the temperature meteorology station S.
And the image (b) Describe the results of simulation
modeling ANNs for forecasting GI value taking into
account the data of meteorological temperature. The overall
performance for GI at the station S for two hours and at the
same time depending on the performance of GI on other
stations surround the station S, the process of training the
ANNSs using the location model design nine photovoltaic
system thus providing the possibility to study
meteorological data connected between temperature and GI
which is used to build the global evolution of irradiated
forecast for the next 60 minutes, and can be shown the
results of forecasting in Fig.4. In Figure 4. Show the results
of the processing of training and testing of modeling ANNs
with alpha = 0.9 with two input values models. The
verification has been done before the process of training
with ANN model with data input variables normalized with
predetermined criteria, because with data de-normalization
can be obtained optimal results and speed up the process of
calculation in the training system in the ANN model itself.

In fact, if the used data in the training process with
different scales, which will get variable results with
different data, it also will get the value of the error conduct
output is higher, so that it has greater value errors. In
modeling architecture used for layer perceptron ANN two
hidden layers, the first layer using 16 neurons and a second
layer using one neuron. Whereas, for the sigmoid activation
function which has been used in every layer and activation
functions are used for forecasting simulation using sigmoid-
trainlm with 1 output. Furthermore, the calculation of the
acquisition performance results ANNs GI value forecasting
for the next 60 minutes compared with the measured data or
actual data on the station S.
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Figure 4. Result of normalization of the center station values for 60 min
ahead of time from the used data base: (a) GI norm without temperature
forecasting (b) with temperature forecasts at station S

Modeling and design, as well as the architecture of the
building which is started by ANNs based on database
receives, which has a variety of steps, for database standard
procedures give an accurate picture of the behavior of a
system that will be modeling. After the process performance
validation has been done which to get the output target
value corresponding to the minimum error, then the model
is ready for use. The proposed used ANNs forecasting
model gives limitation with twice the training, in order to
obtain good results. The results of the calculation value,
namely GI in the data is compared with the results of the
forecasting value of GI using ANNs. The GI value
forecasting simulation results will be compared with the GI
measured to obtain minimum error. In this article,
performance using ANNs with architectural training is given
100 iterations at each simulation process. Hence the
tendency of the results obtained in the form of better
forecasting and always have a small error value. The
statistical method for measuring the error and are typically
used in the forecast, namely:



3)

For the calculation results with statistical methods RMSE
error unchanged, whereas the ANNs modeling RMSE
values is declining, which is used as the learning of GI on
the target station that its location at the center between the
station PV-system to another and adjacent and can be seen
in figure 5. Figure 5, represents a variation calculation
results with statistical estimation at the target location,
where the error calculation for RMSE results obtained vary
at any period of time between modeling ANNs compared
with actual data. Therefore, the amount of data used for
learning and training process will greatly affect the results
forecast for the next 60 minutes.

300

m ERROR WITHOUT
250 TEMP

— ERROR WITH TEMP
O 200

i 2 3 4 5 6 7 8 9 10 11
Periode

Figure 5. RMSE with ANNs based design model test validation for
forecasting at station S

The amount of data that is too little or too much will
cause to learning outcomes and design training ANNs has
an error value (RMSE) high. If the amount of data that
architecture is too little ANNs only recognizes data slight
variations, so it does not get the best results for forecasting,
as well as the quantity of data that is too much on modeling
ANNs also does not give good results. Interval of
forecasting is determined by the method of ANNs with
excellent performance with 0.06285 coverage without use
data meteorological temperature and a second model has an
error rate of 0.05184, taking into account data temperature.

V.  CONCLUSION

In this article, proposed a modeling ANNs to forecast GI
with nine stations on the surface of the PV-system is divided

into two models. The first model regardless of the data in
temperature meteorology, and a second model uses
meteorological data, which based on the ambient
temperature. The main modeling of this article is that ANNs
modeling shows one method of forecasting with better
ability, so it can be used for short-term forecasting of GI on
PV-station system where the target station has a central
position and surrounded station PV system other and have
the closest distance to the station PV- system between each
other. Simulation of short-term forecasting GI with ANNs
taking an alpha value of = 0.9 is expected to obtain the
results for short-term forecasting with a time of 60 minutes
better forward and has a small error value. Interval of
forecasting is determined by the method of ANNs with
excellent performance with a high probability of 6.285%
coverage without of data meteorological temperature and a
second model has an error rate of 5.184% with the data
temperature.
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