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Network Methods

Zaman Serileri ve Yapay Sinir Ag1 Yontemleri Kullanilarak Fotovoltaik Panel Gii¢
Cikislarinin Tahmini

Aylin DUMAN ALTAN', Bahar DIKEN?, Birol KAYISOGLU?
Abstract

Solar energy is one of the renewable energy sources that has been in high demand in the last decades. With the
increasing penetration of photovoltaic (PV) systems in around the world, accurate estimation of the power output
of PV systems has become an important issue. Since PV systems directly convert sunlight into electrical energy,
PV power output varies depending on environmental conditions. In order to deal with the periodic and non-
stationary problems of PV output power, modelling methods are widely use for forecasting. The main purpose of
this study is to lead an assessment of forecasting of the PV power outputs in short-time. For this purpose, data are
obtained from experimental activities carried out on a real 250 kW, PV stystem, which is located in T.C Tekirdag
Namik Kemal University, Siileymanpasa district of Tekirdag province. All parametres are measured hourly with
three times according to inclination of the panel setups (0°, 30°,60°). In this sense, this study differs from the
previously studies in literature, as it expands the forecasting model with considering of different panel angle. In
the first stage, the significant variables for predicting PV power output are identified based on both correlation
analysis and stepwise regression analysis. The findings are shown that solar radiation and angle of inclination of
the panel are significant predictors of the generation of PV power. In the second stage, three different model are
proposed based on Time Series Analysis (TSA) and Artificial Neural Network (ANN) approaches in order to
predict power production of PV system. Furthermore, the accuracies of the models are analyzed in order to better
understand the internal errors that occur in energy estimation applications and to evaluate their potential. All
models are compared in terms of the correlation coefficient (R), coefficient of determination (R?), mean absolute
percentage error (MAPE). The results of analyses show that the ANN models have higher accuracy than the TSA
model for forecasting PV power.
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Oz

Giines enerjisi, son yillarda yiiksek talep goren yenilenebilir enerji kaynaklarindan biridir. Fotovoltaik (FV)
sistemlerin diinya ¢apinda artan yayginligiyla birlikte, FV sistemleri gii¢ ¢cikisinin dogru tahmini 6nemli bir konu
haline gelmistir. FV sistemleri dogrudan giines 151811 elektrik enerjisine doniistiirdiigiinden, FV gii¢ ¢ikis1 cevre
kosullarina bagl olarak degiskenlik gosterir. FV ¢ikis giiciiniin periyodik olma ve duragan olmama sorunlarinin
iistesinden gelebilmek amaci ile yapilan tahminlemelerde modelleme yontemleri yaygin olarak kullanilmaktadir.
Bu ¢alismanin temel amaci, kisa siireli FV gii¢ ¢ikisi tahminlerinin degerlendirilmesinde yol gosterici olmaktir.
Bu amagla toplanan veriler, Tekirdag ili Siileymanpasa ilgesine bagl T.C Tekirdag Nanmik Kemal Universitesi'nde
kurulan bir 250 kW, lik FV sistemi ile gerceklestirilen deneysel faaliyetlerden elde edilmistir. Tiim parametreler,
saat bazinda farkli panel egim agilar1 (0°, 30°, 60°) dikkate alinarak ticer kez dl¢iilmiistiir. Bu anlamda, bu ¢aligma
tahmin modelini farkli panel agilarini da dikkate alarak genisletmesi nedeniyle literatiirdeki dnceki ¢alismalardan
farklihk gostermektedir. {1k asamada, FV gii¢ ¢iktistm tahmin etmede kullamlacak anlamli degiskenler hem
korelasyon analizi hem de asamali regresyon analizi sonuglarina gore belirlenmistir. Bulgular, giines
radyasyonunun ve panel egim acisiin, FV giicii iiretiminin énemli belirleyicileri oldugunu gostermistir. Ikinci
asamada, FV sisteminin gii¢ iiretimini tahmin etmek i¢in Zaman Serisi Analizi (TSA) ve Yapay Sinir Ag1 (YSA)
yaklagimlarina dayali olarak ii¢ farkli model dnerilmistir. Ayrica, enerji tahmin uygulamalarinda ortaya ¢ikan igsel
hatalar1 daha iyi anlamak ve potansiyelini degerlendirmek i¢in modellerin dogruluklar1 analiz edilmistir. Tim
modeller korelasyon katsayisi (R), belirleme katsayis1 (R?), ortalama mutlak yiizde hatasi (MAPE) agisindan
karsilastirilmistir. Analiz sonuglari, FV giicinii tahmin etmek i¢in YSA modellerinin TSA modelinden daha
yiiksek dogruluga sahip oldugunu gostermektedir.

Anahtar Kelimeler: Yapay sinir ag1, Geri yayilim, FV gii¢ tahmini, ARIMA, Tekirdag
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1. Introduction

In parallel to the economy competition of the world, the use and management of energy resources has become
an important indicator of development. Renewable energy sources (like solar, wind, etc.) play an important role in
electricity generation due to the increasing energy demand linked to fossil fuel depletion and the environmental
problems associated with fossil fuel use (Al-Ali, 2016). Solar energy applications are increasing worldwide and
development of its technology is significant to meet global energy demand. One of the most notable solar energy
applications is photovoltaic (PV) systems which can be convert sun light directly into electric power. The use and
management of PV systems require finding the solution to optimization problems on various fields from
installation phase to use phase including one or more objectives such as minimum energy costs, maximum energy
production, maximum energy efficiency, minimum greenhouse gas emissions etc. On the other hand, using of
solar energy as useful energy source have high uncertainty and technical complexity because of the dependence
of it on climatic conditions, numerous decision variables and parameters. Solar power production is affected by
some environmental and geographical factors like other renewable energy sources. Depending on that, it is not
always possible to measure solar power in a particular region require qualified staff and significant economic
investments. The estimation of the power output is also vital in terms of factors such as installation of solar panels,
guidance of electricity companies, energy management and distribution (Dandil and Giirgen, 2017). In particular,
predictions based on meteorological data constitute a significant reference for determining the installation
locations of solar panels. In this way, the cost of panel installation is avoided. Moreover, if after installation, PV
output power forecasting is needed to produce estimates for the elimination of risk based on the uncertainty of the
amount of production and reduce the cost of energy. Therefore, in recent years several PV power forecasting
models have proposed based on different methods and compared performances (7able 1). Though the most applied
technique in these forecasting models is ANN, due to their inherent ability to non-linear, dynamic, noisy data and
complex system (Ramsami and Oree, 2015), also statistical, physical models are used. In literature, there are many
benchmarking studies to determine which approach and under which conditions work best for the proposed
situations. In this study, the focus is on TSA and ANN and some studies in the literature related to the prediction
of solar power as follows:

In order to boost accuracy of solar power forecasting, in addition to the recommended strategic input selection
method and searching for optimal size of network, options of output processing were tested by Netsanet et. al.
(2016). It was found that the prediction accuracy can be increased by the use of networks with different learning
algorithms and different types of ANN. A back propagation neural network model, which was network structure
of 28-20-11, was proposed in order to forecast the power output of a PV system located in Ashland. It was noticed
that the corresponding error of MAPE was average 7.16% for four different forecasting days (Kumar and Kalavathi,
2018). In paper (Abdel-Nasser and Mahmoud, 2019), the performance of the proposed method was compared with
three PV forecasting methods: multiple linear regression (MLR), bagged regression trees (BRT), and ANN. As
the result, the proposed method with three PV forecasting methods based on MLR, BRT, and ANN methods had
best results. The another paper suggested a partial functional linear regression model for predicting the daily solar
power and the comparison results based on the real data set collected in Macau, showed that the regularized model
improves the forecast accuracy of the MLR and ANN models (Wang et al., 2016). In an experimental study, it was
revealed that thermal energy generated by solar collectors can be used efficiently in Tekirdag (Yiiksel Tiirkboylari,
2018). A PV solar power system, which included a 750 W, panel, was constructed in Istanbul Technical University,
Istanbul in order to determine time horizon having the highest representative of generated electricity forecasting
of small scale system (Izgi et al., 2012). Especially, when stationary conditions were observed, ANN could predict
with good performance of to begenerated energy from 3 to 300 minute ahead. In addition, the capabilities of
ARIMA and ANN were compared by Ahmed et al. (2014) and the capabilities of SARIMA, SARIMAX and ANN
were compared by Vagropoulos et al. (2016) for forecasting of photovoltaic energy production. Kardakos et al.
(2013) compared two practical methods for electricity generation forecasting of grid-connected PV plants and
detected the ANN models and the modified SARIMA model were superior in terms of the prediction error.

Within the scope of in this study, the literature was examined separately for the determination of the parameters.
It is seen that (Table 1) parameters such as irradiance, module temperature, wind speed, air temperature are widely
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used. With some exceptions (Ozkisi and Topaloglu, 2017), in many studies, although the angle of panel was
included in the model, measurements were collected by setting up an experimental setup with a constant inclination
angle ranging from 0 to 90. In this case, higher capacity system installations are inevitable, as the sunlight does
not come directly, especially in the morning and evening hours (Yiksel Tiirkboylar1 and Yiiksel, 2021). This
problem can be overcome by obtaining maximum benefit from solar energy with the angular mobility of the panel.
Therefore, it is even more significant to estimate the PV power by setting the angle of inclination of PV according
to the position of sun in the sky. In this study, the measurements was repeated for 3 different angles in each hourly
measurement period. Therefore, this paper deals with also the variability of panel angle and this factor also

constitutes the originality of the study. Especially, the study is also very significant from the perspective of a model
that will be used to predict the energy gains of the moving panel systems that allow the sun rays to fall
perpendicular to the panel throughout the period from sunrise to sunset. For this purpose, the models are proposed
based on Back Propagation Neural Network (BP-ANN) and ARIMA method and compared the accuracy
performance for Tekirdag location.

Table 1. Input parameters and model used in the literature

Article Year Inputs Method
Kumar and Kalavathi 2018  Global Horizontal Irradiance, Global Diffused Irradiance, Ambient & ANN, ANFIS
Surface Temperature, Precipitation, Wind Speed, Air Pressure, Sunshine
Duration, Humidity

Hossain et al. 2017  Solar Radiation, Wind Speed, Ambient & Module Temperature ELM,SVR,ANN
Liu et al. 2017  Solar Radiation, The Highest, Lowest & Average Daily Temperature ANN
Ozkisi and Topaloglu 2017  Wind Speed, Velocity, Temperature, Humadity, The Angle of the Cells ANN
Huang et al. 2016  Solar Zenith Angle, Solar Azimuth Angle, Solar Irradiance, Module ANN, Algebraic,
Temperature Polynomial
Regression
Ramsami and Oree 2015  Atmospheric Pressure, Humidity, Temperature, Wind Speed, Wind Multiple Linear
Direction, Rainfall, Solar Irradiance, Sunshine Duration Regression, FFNN
and GRNN
[zgi et al. 2012 Ambient Temperature, Cell Temperature, Irradiance ANN

ELM (Extreme Learning Machine), SVR (Suppurt Vector Regression ), FFNN (Feed-Forward Neural Network), GRNN (Generalized
Regression Neural Network), ANFIS (Adoptive Nero-Fuzzy Inference System)

The main contributions of paper will be summarized as follows:
* proposed that consider the panel angle changes when constructing the PV power forecasting models for Tekirdag
location.
* predicted of PV power based on ARIMA and BP-ANN methods and the efficiency of the methods are compared.
The rest of this paper is organized as follows. Section 2 presents the problem definition. Section 3 explains the
obtained data & proposed methods. Section 4 presents and discusses the experimental results. The conclusions and
some lines of future work are given in Section 5.

1.1. Problem Definition

Solar energy production depend on climatic conditions, numerous decision variables and parameters based on
environmental and geographical, such as air temperature, wind speed, cloud cover, humidity etc. The intrinsic
variability of PV output power creates different problems directly/indirectly for power grid such as power system
control and reliability, reserve cost, dispatchable and auxiliary generation, grid integration and power planning
(Raza et al., 2016). Therefore, there is need to accurately forecast the PV output over at different conditions depend
on location. Since the geographical and environmental conditions of each region are different, the research for the
model that makes the most accurate estimation in the region where the PV system is located is inevitable. In this
study, experimental setup was established to develop a PV energy production model for Tekirdag province. Since
it was not possible to know which factors affect the PV output power, it was aimed to measure all the factors
examined in previous studies on this subject (Table I). For this purpose, the data were obtained, which was
including factors as open circuit voltage, cell temperature, solar irradiance, air temperature, wind speed, short
circuit current, solar power and the angle of inclination of the panel.
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2. Material and Method

2.1. Meteorological data

The solar energy potential atlas of Tekirdag province, where the experiments carried out, is given in Figure 1.
T.C. Tekirdag Namik Kemal University, where the experimental study conducted, was located in Siileymanpasa
district of Tekirdag province. Distribution of Siileymanpasa district annual sunshine duration is shown in Figure
2. Considering the radiation values per unit area of Siileymanpasa district, May, June, July, August are higher than
other months and the global radiation values of Siileymanpasa district are shown in Figure 3. The average sun
radiation in Siileymanpasa district is 3.68 kWh m per day and the average sunshine time is 7.16 h per day.

Total Solar
Radiation
KWh/m2-Year
[l 1400- 1450
B 1450- 1500

Figure 1. Solar energy potential atlas for Tekirdag (GEPA 2019)
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Figure 2. Annual sunshine duration (h)  Figure 3. Global radiation value (kWh m™ per day)
(GEPA 2019)

2.2. PV module used in the study and its features

(GEPA,2019)

This experimental study was carried out using CSUN 250-60P branded polycrystalline PV module. The
nominal power output of the PV module used in the experimental study has 250 Wp, nominal voltage 29.9 V and
nominal current 8.36 A. Other specific features of the mobile chassis mounted panel are shown in Table 2.

Table 2. Specific features of the PV module

CSUN 250-60P

Technical properties

Units

Maximum Power (Pmpp)
Open Circuit Voltage (Voc)
Short Circuit Current (Isc)
Nominal Voltage (Vimpp)
Nominal Current (Impp)
Series Fuse Rating
Tolerance of Pmpp

Weight

Dimension

Number of cells

Effective area

250
373
8.81
29.9
8.36
20
0=+3
19.1
1640%990*40
60
1.624

p

SE><><z
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2.3. Devices used during measurement

HT solar IV-400 PV panel analyzer was used to obtain performance data in the PV panel. It has IEC /
ENG1010-1 safety certificate as device features and makes measurements in IEC / EN608891 (I-V curve test)
standard. The data obtained were transferred to the computer environment with TOPVIEW software. LUTRON
AM 4202 electronic digital anemometer was used in the PV arrangement to measure the air flow (ms~') while
receiving data from the meter. The connection diagram of the device that receives data and a diagram of the
anemometer are shown in Figure 4.

Figure 4. PV module and devices used during measurement

2.4. Methodology

The major steps followed in this paper are as shown in Fig. 5.

Collecting & Treating Data

I

Selecting Input Parameters

Developing Foracastimg Models

A
Analysiz of the Model Results

I

Compare of Model Accuracy

Figure 5. The major steps followed in this paper

The raw data were collected and treated first based on literature. All observations were done between 10.00
pm and 17.00 am during August 2019. The meteorological and electrical data were obtained, which is called Open
circuit voltage Vo (V), Cell temperature, Tc (°C), Solar irradiance, G (W m?), Air temperature, Ta ("C), Wind
speed, Ws (m s™), Short circuit current, Isc (A), Solar power, (W), Angle (°). All parameters were measured hourly
with three times according to inclination of the panel setups (0°, 30°,60°). The next step was deciding the model
input parameters. Correlation analysis and stepwise regression were used to determine the input parameters.

After the first step of determining the optimal model inputs, the quality of the datasets are also crucial because
each dataset had different magnitude. For this reason, the input data is normalized to [0, 1] using Eq. (1).
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prPT——

xl:kk — ik”*min (Eq.l)
Xmax~Xmin

Where; xik is the original data value; xi* is the corresponding normalized variable; Ymin and ymax is the

minimum value and the maximum value in original data sets, respectively. When xik is the minimum value in the

datasets, xik correspond to 0; when xik is the maximum value in the datasets, xik correspond to 1 (Liu et al., 2017).

In this study, both ANN and TSA forecast models were employed to predict the solar power using obtained
data set. In this paper, a variation of the classical ARIMA model, which is called the seasonal ARIMA model, was
used in order to account for the inherent seasonal effect of the PV power output. The seasonal ARIMA model is
generally referred to as SARIMA (p, d, q) x (P, D, Q) , where p, d, q and P, D, Q are non-negative integers that
refer to the polynomial order of the autoregressive (AR), integrated (I), and moving average (MA) parts of the
non-seasonal and seasonal components of the model, respectively (Vagropoulos et al. 2016). The SARIMA model
is described mathematically as follows Eq. (2), Eq. (3) and Eq. (4) (Mukaram and Yusof, 2017);

(80, (8- BY (=51 - 0,810, (&) s

where;

Eq.3
(I)P BS =1_®1BS_®2B2S_"‘_®PBSP ( q )
@B’ )=1-0,8°-0,8% —---—0,8"° (Eq.4)

and Yt is the observed time series value at time t, et is the residual at time t, B is the backshift operator that
converts Ye(e.g BY: = Y1), S is the seasonal period length, d is the number regular difference, D is the number of
seasonal difference.

The selection process of the suitable model is basically based on certain information criteria (Akaike
Information Criteria and Final Prediction Error), also in addition autocorrelation and partial autocorrelation plots
are analyzed.

The method known as ANN was also used to estimate PV power. ANNs are machine learning that have
algorithms developed by inspiring the human cell's nerve cell structure. The ANN derives its computing power
through its massively paralled distributed structure and its ability to learn and generalize, which means finding
reasonable outputs whenever inputs are not encountered during training (learning) (Vaz et al., 2016). It has been
proved that a multi-layer (BP) network can achieved due to maximum number of layers can further reduce errors
can improve accuracy (Narayanakumar and Raja, 2016). In addition to indicating that the ideal number of layers
that can be used in a multi-layer network should be less than 5 (Arifin et al., 2019), it has been determined that the
feedforward neural networks with two hidden layers generalise better than those with one (Thomas et al., 2017).
The network structure proposed in this study also includes two hidden layers.

In this study, Figure 6 and Figure 7 present the network configuration for Model-2 and Model-3 in MATLAB
platform, which are consists of two hidden layer and one output layer.

e @_}O:H' _t@j =°0 »° o | B % J@:H %_ro:h &

Figure 6. ANN structure of Model-2 Figure 7. ANN structure of Model-3

For both models, the BFGS-Quasi Newton BP algorithm was used for training and the solar power measured
by experimental setup was used as output. The sigmoid function was used as the activation function. In addition,
seventy percent of the historical data were used to train the ANN, the remainder 30% are used for testing and
learning rate was determined as 0.8.

Differently, the obtained data, when the panel inclination was 30 degrees constant, was used in Model-1 (for
forecasting based on solar power data) and Model-2 (solar power data used as output and irradiance data used as
input). The irradiance and panel angle (when the panel inclination was 0.30 and 60 degrees) data were used as
input in Model-3.
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In order to evaluate the obtained results, the mean absolute percentage error (MAPE), R and R2 were used.
The MAPE formula is given in the below equation 5 (Liu et al., 2017).

x 100% (Eq.5)

MAPE =1 3, |"C5|

Where; P is the measured value of power out of the system; P;" is the forecasting value of the power output, N
represents the number of model forecasting samples.

R? represents the fraction of the sample variation of the y values that is explained by the independent variables.
The largest R? and the smallest MAPE indicates the best fit of the model. According to Lewis (1982), MAPE
values lower than 10% indicate predictions with high accuracy.

3. Results and Discussion
3.1. Determination of Model Variables

Electrical data were not used to provide an estimate that does not require measurement with experimental setup.
PV system experimental setup is not required for obtain any parameter data other than the module temperature
data. Module temperature variable was excluded from the model, due to the high correlation (0.768) with the
radiation parameter as seen in the correlation analysis (7able 3). Based on correlation analyses, irradiance, wind
speed, air temperature and angle parameters were selected for model data.

Table 3. Correlations of parametres

Angle Irradiance | Module_Temp | Wind_Speed | Air_Temp
Angle Pearson Correlation 1 -,186* -,060 .000 000
Sig. (2-tailed) 041 514 1,000 1,000
N 120 120 120 120 120
Irradiance Pearson Correlation -,186* 1 ,768* -,090 ,581%1
Sig. (2-tailed) 041 ,000 329 ,000
N 120 120 120 120 120
Module_Temp  Pearson Correlation -,060 ,768* 1 012 40441
Sig. (2-tailed) 514 ,000 ,900 ,000
N 120 120 120 120 120
Wind_Speed  Pearson Correlation ,000 -,090 012 1 -233*
Sig. (2-tailed) 1,000 329 900 010
N 120 120 120 120 120
Air_Temp Pearson Correlation ,000 581 404 -233* 1
Sig. (2-tailed) 1,000 ,000 ,000 ,010
N 120 120 120 120 120

*. Correlation is significant at the 0.05 level (2-tailed)
**. Correlation is significant atthe 0.01 level (2-tailed).

The Skewness and Kurtosis were used to judge the normality of data. In literature, though, a normal distribution
has both skewness and kurtosis values equal to zero, for psychometric purposes, skewness and kurtosis values
between -2 to +2 is acceptable (Muzaffar, 2016). The values of skewness and kurtosis of each model variable fall
within the acceptable range of -2 to +2, Table 4, shows that the data is fairly normal and the basic assumption of
parametric testing is fulfilled.

Table 4. Descriptions based on variables

Statistic | Std. Error Statistic | Std. Error Statistic | Std. Error

Power  HMean 8511 02138 Tradiance  Wean 6592 02128 Angle  Mean .5000 03742
95% Confidence Lower Bound ,6087 95% Confidence Lower Bound 6171 95% Confidence Lower Bound 4259
Interval for Mean Upper Bound 6034 Interval for Mean Upper Bound 014 Interval for Mean Upper Bound 5741
5% Trimmed Mean 6635 5% Trimmed Mean 6711 5% Trimmed Mean 5000
Median 7050 Median 7088 Median 5000
Variance ,055 Variance 054 Variance 168
Std. Deviation 23421 Std. Deviation 23314 Std. Deviation 40996
Minimum .00 Minimum .00 Minimum .00
Maximum 1,00 Maximum 1,00 Maximum 1,00
Range 1,00 Range 1,00 Range 1,00
Interquartile Range 38 Interquartile Range 38 Interquartile Range 1,00

Skewness -707 221 Skewness -666 221 Skewness ,000 221

Kurtosis 237 438 Kurtosis -252 438 Kurtosis -1513 438

The stepwise regression results as seen in Table 5. As the result, F test (P-value <.000 for Model1 and P-value
<.001 for Model 2 ) indicates that models are significant for predicting invoice based on a group of independent
variables in the models.
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Table 5. SPSS model output 1

Variables Entered/Removed?

Variables | Variables
Model | Entered Removed lethod
! Stepwise ANOVAS
(Criteria:
Probabilit Sum of
y-of- Model Squares of Mean Square F Sig
_ F-to-enter 1 Regression 6,274 1 6,274 | 2924100 ,000°
Iradiance : :&Sigim Residual 253 118 002
ok Total 6,528 119
F-to-remo 2 Regression 6,296 2 3,148 | 1593051 L000®
Ve sz Residual 231 117 002
100). Total 6,528 119
2 Stepwise a. Precictors: (Constant), iradiance
(Criteria: .
Probabil . Predictors: (Constant), iradiance, Angle
y-of- ¢. Dependent Variable: Power
F-to-enter
Angle .| ==,050,
Probabilit
y-of-
F-to-remo
ve =
,100).

a. Dependent Variable: Power

3.2. Outcome of Proposed Models

The Model-1 based on SARIMA (0,1,0)x(0,1,0) model is found to exhibit the best performance (Table 6). The
Model-1 forecast capabilities has been confirmed by means of the calculated R, R%, MAPE, which are respectively
equal to 0.603, 0.99 and 13.334 %. While R? and MAPE values have satisfactory performance, R value is quite
low. This result indicates that there may be a R? height that does not reflect reality due to deviation from the data
distribution. This determination is confirmed from the Ljung-Box (0.94>p) value.

Table 6. ARIMA model parameters

Estimate SE t Sig.
POWER-Model_1 POWER No Transformation AR Lag1 -,624 146 -4,265 ,000
Difference 1
Seasonal Difference 1
IRRADIANCE  No Transformation ~ Numerator Lag0 680 149 4,553 ,000
Difference 1
Seasonal Difference 1

The Model-2 based on BP-ANN forecast capabilities has been confirmed by means of the calculated R, R?,
MAPE, which are respectively equal to 0.99626, 0.9836 and 1.95%. According to the results, the model
performance in terms of accuracy of the artificial neural networks method is better than the time series analysis.
In addition, Figure 8 shows the curve fit in order to predict solar power based on Model-2.

Training: R=0.99721 Validation: R=0.99298
©
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Figure 8. Model-2 curve fit
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The output is 99% of target value and the R is 0.99721 in the training process. But, in testing process the output
is found to be 96% of the target, with the R value of 0.99942. For validation, the output is obtained as 100% of the
target value and the R value is 0.99298. Also, the overall R is obtained as 100% of the target value and the R value
is 99.626 as described in Figure 8.

Figures 9 and 10 illustrate the performance of the examined forecasting models. As can be seen, the predicted
values of power output based on Model-1 have a not good agreement with the measured values, unlike Model-2.
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Figure 10. Model-2 Forecasting
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Figure 11. Model-3 curve fit

The Model-3 based on BP-ANN forecast capabilities has been confirmed by means of the calculated R, R?,
MAPE, which are respectively equal to 0.98064, 0.9779 and 2.57%. Figure 4.4 shows the curve fit in order to
predict solar power based on Model-3. The output is 95% of target value and the R is 0.97434 in the training
process. But, in testing process the output is found to be 100% of the target, with the R value of 0.99208. For
validation, the output is obtained as 100% of the target value and the R value is 0.99662. Also, the overall R is
obtained as 96% of the target value and the R value is 98.064 as described in Figure 11. The training R of this
model is lower than testing and validation. It means that the data of model have been learning quite well during
training. This results similar with Jumaat et al. (2018).

In addition, the calculated performance indexes of models are summarized in 7able 7. Based on comparison
of indexes, it is clear that the errors are within a reasonable range and the developed BP-ANN model is very
suitable for the estimation of PV power output of the system used in this study. It is another important point that
the ANN models exhibite superior predictive abilities among the compared time series analysis, as well as are
shown a very high predictive power according to the MAPE criterion (<10%).
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Nitisanon & Hoonchareon (2018) and Semenkina et al. (2014) were proposed ANN based models, which used
to input as irradiance, the MAPE results were 5.85% and 4.39%, respectively. In this study, the accuracy results
of Model-2 based on MAPE value (=1.95) is also more satisfactory.

Table 7. Performance Indexes of Models

Proposed Models Inputs R R’ MAPE %
MODELI Irradiance 0.603 0.3636 13.334
MODEL2 Irradiance 0.99626 0.9836 1.95
MODEL3 Irradiance, Panel Angle 0.98064 0.9779 2.57

4. Conclusion

This paper presents a forecasting approach using SARIMA and multi-layer BP neural network. One of the most
significant results of this study according to stepwise regression analysis is to determine that the panel angle, which
is not generally modeled as a variable in studies, is an effective variable on the forecast. Also, it is identified that
solar irradiance is a major parameter to change PV power. In this paper, the performance of models was evaluated
with the R, R? and MAPE index which shows the accuracy of the models. It is clearly observed from the results
that the model performance is better in BP-ANN when compared to the SARIMA. When using the same data set
and input-output structure, it is found that more consistent results are obtained with the BP-ANN method. The
SARIMA model has been determined to be more sensitive against fluctuations in data. Consequently, a powerful
prediction model has been developed specifically for the province of Tekirdag that can estimate the power
production depending on the change in panel angle. In this context, it is predicted that ANN can be successful for
energy production estimates of movable panel systems that allow the sun rays to fall perpendicular to the panel.
Besides, one of the important contributions of the study is that a highly accurate prediction model has been
developed by using input variables that do not require PV system installation for experimental measurements.
From this perspective, the proposed model is a helpful tool for users to make more consistent decisions in the pre-
installation decision-making process. Nevertheless, due to the irregular manner of meteorological parameters such
as solar radiation and wind speed, etc. based on long-term data, there may be a greater variation in all the model
accuracy. While the prediction performance of ANN is sufficient for short-times with similar meteorological
conditions, the performance of methods based on long-term data should be examined.
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