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Forecasting Forecasting of investment efficiency is an important issue before and during the
Energy investment evaluation investment period in wind energy investment process because of high investment
Artificial neural networks costs. It is aimed to forecast the wind energy products monthly with multilayer
AMS Classification 2010- neural n_etwork approach in this study. For tJ:us aim a feed forward ba_ick
97R40, 97M30 propagation neural network model has been established. As a set of data, wind

speed values 48 months (January 2012-December 2015) have been used. The
training data set occurs from 36 monthly wind speed values (January 2012-
December 2014) and the test data set occurs from other values (January-December
2015). Analysis findings show that the trained Artificial Neural Networks (ANNs)
have the ability of accurate prediction for the samples that are not used at training
phase. The prediction errors for the wind energy plantation values are ranged
between 0.00494-0.015035. Also the overall mean prediction error for this
prediction is calculated as 0.004818 (0.48%). In general, we can say that ANNs be
able to estimate the aspect of wind energy plant productions.
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1. Introduction made up an average of 20% of total annual imports.
When evaluating Turkey’s energy situation, the high
percentage of the required energy is provided by
imports has a negative effect on the balance of
payments in a national economic sense. If Turkey’s
energy needs were obtained from domestic sources
instead of imported sources, the foreign trade deficit
would be reduced by approximately 48%. Considering
the overall picture of energy in Turkey in recent years,
providing the required energy from domestic and
renewable sources has become essential.

Turkey is one of the developing countries, the
economic change experienced in recent years has led to
a rapid increase in demand in the energy sector, as it
has in other sectors. While electricity production in
Turkey showed an average annual increase of 3.6%
between the years 1970 and 2000, -electricity
production increased annually by 8.9% on average
between 2000 and 2017 years. In this regard, Turkey
was one of the OECD countries in which energy
demand increased the most rapidly. Electricity i ) )
production in Turkey in 2017 increased by 5.6% to  With regard to renewable energy potential, Turkey is a
294.8 GWh compared with the previous year. 37% of ~ country. with I:ughl potential for obtaining elec?ncrry
this production was obtained from natural gas, 33% production from wind and solar energy. According to
was obtained from coal, 20% from hydraulic energy, the criteria specified, wind potential at a height of 50
6% from wind energy, 2% from geothermal energy and ~ Mmetres on Turkey’s_ wind atlas ranges from good to
2% from other sources [1]. In 2017, approximately 70%  ¢xcellent, a_pproachlng 48 GW [ZJ- By July 2018,
of electricity production came from fossil sources, Iurkey’s wind-based energy capacity had reached 7
namely coal, liquid fuels and natural gas, while about ~GW [3]. Turkey’s wind-based power is about 15% of
28% was obtained from renewable energy sources. the energy potential that can be obtained from wind.

Between the years 1996 and 2017, energy imports  Within the scope of the 2015-2019 Strategic Plan
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prepared by the Ministry of Energy and Natural
Resources, based on the diversification of resources in
energy consumption with continuous, sustainable,
environmentally friendly, good quality, reliable and
low-cost energy for final consumers, the greatest
possible utilisation of domestic and renewable energy
sources was included among the main aims. In the
2015-2019 Strategic Plan, in the area of Energy and
Natural Resources, common development needs such
as good governance and stakeholder interaction,
regional and international activity, technological
research, development and innovation, and
improvement of the investment environment are
emphasised, while in the Energy field. security of
supply and energy efficiency and saving are given
priority. Moreover, in the field of Natural Resources,
the subjects of security of supply of raw materials and
efficient and effective use of raw materials are given
attention. The subject of sustainability, which is
regarded as an indispensable approach in the process of
acquiring energy and natural resources for the economy
and of their consumption, is designed not as a separate
theme, but as a framework which covers all the themes
[4].

The use of domestic and renewable energy sources
ensures diversification of resources within the energy
portfolio, thereby allowing important progress to be
made in reducing dependence on foreign energy
sources and developing an environment that provides
security of energy supply [5].

In evaluating a wind energy project in an economic
sense, a project estimate of the installation costs must
be made. In the technical evaluation of a WPP
investment, the subjects in which there is insufficient
knowledge and uncertainties regarding the WPP
investment are factors such as when it will be
completed, when the installation of the investment will
begin, when the installation period of the investment
will be completed, future changes in prices of materials
to be used in the investment and how long the supply
of the turbine from the manufacturer will take.
Businesses have to make decisions under the existence
of uncertainties like these. It is important for companies
to make decisions that are as correct as possible and that
will gain the most profit.

This study is aimed to forecast the wind energy
products monthly with multilayer neural network
approach. For this aim a feed forward back propagation
neural network model has been established. As a set of
data, wind speed values 48 months (January 2012-
December 2015) have been used. The training data set
occurs from 36 monthly wind speed values (January
2012-December 2014) and the test data set occurs from
other values (January-December 2015).

2. Literature review

Wind power is the most common, widely applicable
and productive renewable energy source. Studies about
energy investments, wind speed predictions and
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renewable energy systems application with neural
networks have been investigated especially about for a
quarter century. In [6], Kalogirou et al. modeled the
heat-up response of a solar steam generation plant and
they were able to forecast pre-heat completion times
within 3.9%. This is considered very adequate and thus
the neural network can be used effectively for this type
of predictions. In another work [7], Kalogirou et al.
estimated successfully the performance of a parabolic
trough collector steam generation system by using
ANN. Kemmoku et al. [8] developed a multi-stage
neural network with back-propagation and by using it
they forecasted daily insolation of next day. They also
compared the mean errors of the insolation forecast
obtained by single-stage and multi-stage neural
networks. The results showed that the mean error by the
single-stage was about 30% while by the multi-stage it
was about 20%. In [9], the authors developed a new
Neural network model which helps to perform quickly
and easily the estimations of office building energy
consumption. Datta et al. [10] presented preliminary
results on the estimation of electricity consumption
with different independent input variables in a
supermarket. Also they compared the prediction
performance of one hidden layer-neural networks with
the more traditional multiple regression techniques.
Besides they founded the correlation coefficient as 0.95
with ANNs and 0.79 with the regression analysis.
Dorvlo et al. [11] investigated a multilayer perceptron
ANN model in order to estimate the solar radiation at
any location in Oman. In other study [12], Aydinalp et
al. developed a NN based energy consumption model
for the Canadian residential sector. They presented the
NN methodology used in developing the appliances,
lighting, and space-cooling component of the model
and the accuracy of its predictions. The study of More
and Deo [13] employed the technique of neural
networks in order to forecast daily, weekly as well as
monthly wind speeds at two coastal locations in India.
Oztopal [14] presented an artificial neural network
(ANN) technique in order to determine weighting
factors of surrounding stations necessary for the
estimation of a pivot station. He compared the wind
speed prediction results with measured values at a pivot
station. Ermis et al. [15] developed a back-propagation
feed forward ANN model in order to forecast world
green energy consumption to the year 2050, and
derived the consumption equations for different energy
sources. Amrouche and Le Pivert [16] proposed a new
neural network model for local forecasting of daily
global solar radiation with satisfactory accuracy.
Velazquez et al. [17] developed a new ANN model with
back propagation by using Levenberg-Marquardt
algorithm in order to determine influence of the input
layer signals of ANNs on wind power estimation for a
target site. They concluded from the study that the use
of ANN models was helpful to estimate the wind
energy potential of a site for which no long-term wind
records are available. Zhao et al. [18] used in their ANN
model the tan hyperbolic and sigmoid function and
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obtained that the error an average value of 16.47% in a
whole month. The authors declared that the proposed
system has a good wind power forecasting
performance. Bigdeli et al. [19] showed that the hybrid
ICA-neural network model is better than the others
when prediction the wind power. Castellani et al. [20]
obtained that the R2 between target test data and
forecasted data is systematically higher using the pure
NN approach. Qin et al. [21] demonstrated that the
Cuckoo Search Optimization (CSO)-based Back
Propagation Neural Network (BPNN) model can obtain
higher quality interval forecasts for short-term wind
speed forecasts. Wang et al. [22] presented a medium-
term wind speed forecasting performance analysis for
three different sites in the Xinjiang region of China,
utilizing daily wind speed data collected over a period
of eight years. The experimental results of their study
suggested that the hybrid models forecast the daily
wind velocities with a higher degree of accuracy over
the prediction horizon compared to the other models.
The studies on the application of artificial neural
networks to the wind energy plant and renewable
energy sources are not limited to these. Detailed
information can be found in [23] for other studies in this
regard.

3. Materials and methods

In this section of the study, the main method related in
this study will be described briefly, including ANN
model developed, the algorithm and the activation
functions used.

3.1. Wind power plant information

For this analyses of a WPP investment that maintains
its activity in Balikesir province in the Southern
Marmara region have been made by utilizing actual
data. The data for thirty 3 MW wind turbines in the
installed plants of the wind power company have been
used in the study.

3.2. Application steps of research

Under this heading, explanations were made about the
implementation steps of the research. The application
steps of the research consist of two steps, step 1 and
step 2, as shown in Figure 1.

Step 1: The distribution of wind speeds of each turbine
was determined by using the arena input analyzer. Then
monthly wind speeds for 2015 were estimated by the
MiniTab program with reference to the distributions
between 2012-2014 for each wind turbine.

Figure 2 shows the 36-month distribution results of one
of the thirty turbines WTGO1. Based on these results,
wind turbines of WTGO1 coded for 2015 were
estimated with minitab program.
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Figure 1. Research stages and framework
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Figure 2. Arena input analyzer results of WTG1 coded
turbine

Step 2: Artificial neural networks have been trained
with production data realized in relation to wind speeds
between 2012 and 2014. Monthly production for the
year 2015 was estimated with reference to the trained
network results.

3.3. Proposed neural network model

In this study it is aimed to forecast the wind energy
products with multilayer neural network approach. For
this aim a feed forward back propagation neural
network model has been established. As a set of data,
wind speed values 48 months (January 2012-December
2015) have been used.

The training data set occurs from 36 monthly wind
speed values (January 2012-December 2015) and the
test data set occurs from other values (January-
December 2015). The topology of the neural network
is composed of 1 input layer, 3 hidden layers and 1
output layer. The number of neurons located in each
layer 15, 20, 25 and 1, respectively. The topology of the
network used in this study is given in Figure 3 [24].
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Figure 3. Network topology for the energy production
prediction

In the layers purelin function, tangent hyperbolic
function and tangent sigmoid function are used as
activation function. The structures of purelin function
and tangent hyperbolic function are presented in
Figures 4(a) and 4(b).

b
Ll

Figure 4(b). Tangent hyperbolic function

Purelin function can be defined in two different types
suchas @, => xw,+6 and y = f (@)= Ao, where
i=1

A is constant, & is the threshold value and @ is the
sum of the net input. Tangent hyperbolic function can

& — &

e —e

(2} — &

be represented as y =tanh(w) =
e’ +e

[25].
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The training of the ANN is performed by using
Microsoft Visual Studio C#NET 2013. The normalized
data, structure of ANNs used and mean square errors
(mse) are presented for wind energy plantation
prediction in Figure 5:

s Artificial Neural Network Madel for Wind Energy Plantation Estimation = U-.
Dets At Merel Hetwore Parwrmiers of Sefcal vl Hateork.
Cata Yarsber o bty £ Numberof bertons 5000
Ty et Gl
L Nonber o Heden Heoe 15,20 25 LeaFite 13
et T
Humber of Ouiputy 1 Morertuey (L W Scpem B L05
Fead Lot

Figure 5. Structure of ANN used for wind energy plantation
estimation

The pseudo-code for the given ANN is coded as [19]:

Define the input matrix as (Pp) and calculate its transpose as (P)

Define the output matrix as (To) and calculate its transpose as (T)

Determine the number of neurons of the mput layer as (S0)

Determine the number of neurons of the hidden lavers as (51, 82, 53)

Determine the number of neurons of the output laver as (54)

Construct the network topology and using the iniialized weights between
-land 1

start to traiming by using the given code below:

[Pn, minP, maxP, tn, minT, maxT] = premnmx (P.T);

[Wet = newfH munmax(P), [S0, 51, §2, 53, 54], 'tramgd'];

net tramParam epochs = __;

net tramParam goal = __;

net trainParam show = . ;

net.trainParamme = . ;

net.trainParam Ir = . ;

net tramParam Ir_ine=__;

net = train(net.P.T);

save training result.

4. Analysis findings and discussions

In this study the amount of energy produced between
January 2012-December 2014 is used as the test
values. Using the amount of energy production of 30
turbines, returns of these turbines are predicted with an
ANN model that we developed. The test results are
given in Table 1.
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Table 1. Comparing the energy production values and ANN
findings
@ ®
Amount of —1a_
Year Months ENETEY Predicted value of (ib; IlAt :“A)
production | energy with ANN [ 70 THE BITOT
()
Jamuary | 17629023301 | 17576045381 0.003005
February | 17582464880 | 17541451363 0.002333
March | 14095080995 | 15221447853 0.015035
Aprl 17600981947 | 17582614252 0.001554
May 14169262992 | 14142598562 0.001882
2015 Tune 16036506273 | 13946251233 0.005628
Tuly 22976464967 | 22965124526 0.000494
August | 23972837201 | 24135689541 0.006793
Septemt 15211951424 | 15304523688 0.006085
October | 20874601700 | 20702369553 0.008241
November | 18726330588 | 18736238054 0.000530
December | 19920042346 | 20045258022 0.006240
Mean Absolute 0.004818
Error

The wind energy plantation prediction is performed for
January 2012 and December 2014. The prediction
errors between the observed values are given in (C)
column in Table-3. When these error values are
examined the overall error rate for a long time period is
lower than 0.5%. These results show that the trained
ANN has the ability of accurate prediction for the
samples that is not used at training phase. The
prediction errors for the wind energy plantation values
are ranged between 0.000494-0.015035. Also the
overall mean prediction error for this prediction is
calculated as 0.004818 (0.48%). In general, we can say
that ANN s be able to estimate the aspect of wind energy
plantation.

5. Conclusion and recommendations

Countries aiming for sustainability in economic growth
and development ensure the reliability of energy
supplies. For countries to provide their energy needs
uninterruptedly, it is important for domestic and
renewable energy sources to be utilised. Turkey, which
is one of the developing countries, is the world’s 17%
largest and Europe’s 6% largest economy. Together
with its growing economy and increasing population,
demand for energy in Turkey is rising rapidly. To meet
this increasing energy need and to reduce foreign
dependence on energy, the use of domestic and
renewable energy sources must be increased. From this
perspective, realistic targets for renewable energy
sources should be set, and to reach these targets, the
barriers preventing investments should be lifted.

When its potential for renewable energy sources is
assessed, Turkey is a rich country. Before companies
make an investment in a renewable energy area, it is
important that they undertake technical and economic
feasibility studies of the investment. A pre-feasibility
study will form a reference for the practicability of the
investment. Following the pre-feasibility study, high-
productivity renewable energy investments are
important for providers of liability in terms of
repayment of the credit they are to provide.

In this respect, it is very important to estimate the future
energy generation for those who invest in wind energy.
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It is aimed to forecast the wind energy products
monthly with multilayer neural network approach in
this paper. For this aim a feed forward back propagation
neural network model has been established. As a set of
data, wind speed values 48 months (January 2012-
December 2015) have been used. The training data set
occurs from 36 monthly wind speed values (January
2012-December 2014) and the test data set occurs from
other wvalues (January-December 2015). Analysis
findings show that the trained Artificial Neural
Networks (ANNs) has the ability of accurate prediction
for the samples that is not used at training phase. The
prediction errors for the wind energy plantation values
are ranged between 0.00494-0.015035. Also the overall
mean prediction error for this prediction is calculated
as 0.004818 (0.48%). In general, we can say that ANNs
be able to estimate the aspect of wind energy plant
productions.

The results obtained suggest that ANN model can be
used quite successfully in this area and it can forecast
correctly the value for wind power with an accuracy
margin error even for unknown samples.
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