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KEYWORDS Abstract Vertical axis wind turbines (VAWTS) can be a suitable choice for usage in urban areas.
ANN: Wind conditions and structural parameters are critical to power production. In this study, some
Estimation; variations of a darrieus vawt was attempted via wind tunnel testing. A modified naca4412 blade
Sustainable energy; profile was selected for this investigation. The influence of aspect ratios, angle of attack, chord
VAWT; length, etc. were investigated experimentally. After taken more than 800 data artificial neural net-
Wind; work (ANN) was applied to estimate the other range of scales using different algorithms that are
Environment

utilized the aforementioned experimental parameters. This study focuses on the design criteria
and application of VAWTS inbuilt real environments without testing. The results have been promis-
ing and will provide ease of design for similar designs. Moreover, this work will contribute to envi-

ronmental cleanup and a more livable world by increasing renewable energy resources.
© 2021 THE AUTHORS. Published by Elsevier BV on behalf of Faculty of Engineering, Alexandria
University. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).

1. Introduction tities of greenhouse gas (ghg) into the atmosphere and endan-
ger the future [2-4].
The air converted to kinetic energy can be generated by

Wind is an atmospheric condition that moves from high pres- ) ‘ ) ) ) '
using wind turbines, which can be classified into two groups

sure to low density by transferring kinetic energy of heat

energy. Using this movement of the wind will contribute to
the energy needs of the world. According to wind energy asso-
ciation, [1] wind energy capacity, together with other sustain-
able energy sources, was determined to be 95 tw. On the
other hand, the combustion of fossil fuels emits massive quan-
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as horizontal axis wind turbine (hawts) and vertical axis wind
turbine (vawts). This phenomenon has been made according to
shaft architecture. If the wind is coming to the turbine shaft at
an angle of 90 degrees, such turbines are called as vertical axis,
while the wind flow and the rotor are parallel to each other,
they are called as horizontal axis wind turbines. Hawts are
used for most of the applications in flat areas in general. They
also have big capacity generators that produce a tremendous
amount of electrical power. These systems operate on-grid
type, which means there is a connection between the wind
power plant and the city power line. For rugged terrain such
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Nomenclature
a area t torque
ann artificial neural network tu turbulence intensity
cp power coefficient v wind speed
c chord length ug free stream velocity
d diameter of turbine Upns root mean square velocity
d, plate diameter a angle of attack
d, shaft hole diameter 0 air density
h height of airfoil w, angular velocity
)2 turbine power A tip speed ratio
Dw wind power c solidity
r radius of turbine

as settlements, towns, villages and city centers, usage of vawts
are more suitable because of the kaleidoscopic wind direction
and its speed [5]. The main advantage of these turbines is that
they can take the wind from every direction. Also, they operate
at low speed that technically is called tsr (tip speed ratio)
caused low noise and less danger to flying animals. Carrigan
et al. [6] have defined the essential parameters listed below;
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Where o, is the angular velocity, r is the radius of rotor, ug
is wind flow speed p;, is turbine power, p,, is wind power, p is air
density, A is projection area of the turbine, V is wind speed, n
is the rotation rate and 7 is the rotation torque. If it is desired
that the power obtained is consistently at maximum, the rotor
rotational speed must be adjusted according to the change of
the wind speed so that the maximum power coefficient, ¢,
value can be obtained. In the case of advanced wind turbines,
this arrangement is carried out automatically.

The problem is that turbines used, especially in urban areas
with big crowds, also cause extra noise [7]. That’s why the ver-
tical axis wind turbine, which has small peripheral wind speed
on the blades, is an excellent choice for low noise generation.
Unfortunately, there are some disadvantages as well as the
advantages of vertical axis turbines. For example, the self-
starting capability of vawts is weak, which needs an initial
movement on the blades.

Design parameters have essential effects on vawts. For
example, blade configurations, types of blade, amount of
attack angle, solidity are crucial criteria. More experimental
and numerical studies are needed to overcome this complex
problem. Moreover, as can be seen from the investigations,
[8—11] cfd codes are used for special interests.

Investigation of the vertical axis wind turbine model in a
wind tunnel showed that the number of blades affects the rota-
tion of the rotor in a wind turbine. Increasing the number of

turbine blades makes it easy for the wind turbine to operate
at a low free stream. Sunyoto et al. [12] showed that the
three-blade systems more reliable than two and four-blade
configurations. The aspect ratio of a turbine is another crucial
parameter for performance characteristics as well as system
affects the coefficient of power, c,. Brusca et al. [13] showed
an increase in the aspect ratio causes a decrease in the power
coefficient. Moreover, d’ambrosio and medaglia [14] deter-
mined that vawts have two peak points of their torques both
in front and rear of the turbine as a sinusoidal graph.

There are some studies to predict wind power generation
and, mainly, the estimation of the turbine’s structure mini-
mizes the effort and investment cost spent on the production
stage. For this reason, within the scope of this study, firstly,
studies using the intelligent algorithm and smart systems in
the literature have been examined.

Intelligent algorithms have been used in almost all branches
of engineering, especially in recent years [15,16]. This situation
has provided many benefits such as lowering design costs,
reducing energy consumption and increasing efficiency, design-
ing in ideal time, minimizing costs, and maximizing perfor-
mances. When the studies in the literature are examined, it is
seen that there are studies involving optimization [17,18]
and, more specifically, soft computing [15], Fuzzy logic based
[17], and Adaptive neuro-fuzzy inference system (ANFIS)
[19-21]. Besides, there are also Support Vector Machine
(SVM) studies in the field of Artificial Intelligence (AI) and,
in particular, machine learning [22,23]. Among these studies,
analysis [24-26] and forecasting [25,27-31] have an important
place. Another study used ANN for estimation [32].

Intelligent algorithms and systems are used extensively in
energy studies as well as in many areas. Petkovic et al. [33] used
ANN to predict wind speed, while Nikolic et al. made use of
neuro-fuzzy systems [34]. Petkovic et al. Used neuro-fuzzy
strategies to make wind farms more efficient. There are also
neuro-fuzzy, and ANFIS studies conducted to make wind tur-
bines more efficient and less costly [35-38].

ANN is another field of application for wind turbines. The
application area of the artificial intelligence algorithms that are
known is very extensive. A reasonable work was applied to
wind farms using ann by Mabel and Fernandez [39]. They col-
lected data for three years and developed a model in matlab
software. While wind speed, relative humidity and generation
hours are input data, power production is output. Also, the
number of the hidden layers are 5. In other words, 3—5-1 archi-
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tecture was employed for optimum solution. They found that
an artificial neural network can be used as an efficient mecha-
nism to guess energy production from wind farms.

According to another predictive study Cam et al. [40], aver-
age wind speed and wind power were estimated with the aid of
ann in whole regions of turkey. moreover, they determined the
proper wind farms selection and used a smaller number of sta-
tions to collect data. Categorization was made for seven differ-
ent geographic areas of turkey, and they depicted that mean
error levels were within the acceptable range.

Within the scope of this study, firstly, the parameters affect-
ing the voltage and current production of naca4412 profile
three-bladed vertical axis wind turbine (vawt) were analyzed
by changing the chord length, aspect ratios, angle of attack
and wind flow regime, etc. After the data collection phase
structure estimation was employed by using artificial neural
network. Both estimation work has been carried out, and the
strategies to be used in data separation have also been ana-
lyzed. Besides, the performances of three different ANN-
based algorithms were compared, and it was determined which
algorithm should be selected for different data amounts. Also,
the effect of the number of hidden units on the performance
was measured. Algorithms have been evaluated in terms of
both time cost and success rate.

High success rates have been achieved in the experiments.
As the numerical studies guide us before spending a lot of
money and investing, the neural network generated within
the scope of this study will prevent wasting time and shed light
on us for a broader range of applications.

2. Materials and methods

In this section, the steps of the prediction process are men-
tioned first. next, the dataset used to measure the success of
the experiments is explained. Then, the description of the arti-
ficial neural network to be used is given. finally, the results
obtained by experimenting with different learning algorithms
and parameters are presented.

2.1. Estimation process steps

The general process steps are given in (Fig. 1). Firstly, a pre-
liminary study was conducted, and an experimental setup
was established to collect data. The parameters such as blade
profile, chord lengths, angle of attack, turbine diameter, blade
length, frequency of fan, wind speed, current, resistance, speed,
voltage used during the experiment were changed. The
obtained data set was subjected to data cleaning, integration,
and reduction to achieve higher estimation results. Then, this
data set was used in the artificial neural network, which was
generated, and related results were produced. Finally, the find-
ings were evaluated.

2.2. Experimental set-up of wind turbine

Experiments were employed in an open-loop wind tunnel that
is shown in (Fig. 2). This suction type tunnel was controlled
with 1 m diameter 15 kw electrical motor. The testing section
has 1800 mm length and entrance of the test section
570 x 570 mm dimensions. To keep constant the static pres-
sure of the flow, the outlet has a 590 x 590 mm cross-
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O
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U

Generating The Dataset

O

Preprocessing on The Dataset

A

Predictions on ANN

O

Results & Conclusions

Fig. 1 estimation process step chart.
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Fig. 2 wind tunnel testing set-up.

sectional area with an increasing 3° angles. The operational
speed range is between 3 and 33 m/s and also the maximum
speed achieved when the test section is empty. According to
the study of yilmaz et al. [41] turbulence intensity tu, which
is a dimensionless parameter, was measured less than 1% by
using dantec dynamics pro streamline hot-wire anemometer,
cta (constant temperature anemometer) system. This phe-
nomenon has provided more accurate and reliable results in
the research. The equations used in the measurement system
are listed below:

Tu(%) = “ % 100 (5)

Upps =

Where U is the time-averaged value of the streamwise
velocity, u,,,, is the root mean square of velocity fluctuations
in the streamwise direction.

A schematic representation of the wind tunnel, including to
wind turbine, is shown in (Fig. 3). The turbine shaft and gen-
erator are connected with coupling by reaming on the lathe,
the one side 10 mm and the other side 4 mm. The coupling
has a small space that minimizes the vibration during the rota-
tion along the x-axis.
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Fig. 3 schematic representation of the experimental setup.

Three-bladed vertical axis wind turbine, vawt with asym-
metric airfoil nacad4412 profile, was used. The blades are
designed in a commonly used cad program and produced in
a 3d printer by obtaining g-codes with the slicing software.
even though it is tried to create a sensitive and suitable envi-
ronment during the production of the blades, some roughness
occurs on them. Sanding is applied for both sides in 4 steps to
minimize this problem. by making changes on this blade pro-
file, cavities were formed on the blade to generate more force
by taking more wind. (Fig. 4) demonstrates the general seem-
ing of the blade with cavities at a and airfoil coordinate in the
2d sketch at b. moreover, data information such as the camber
and thickness of the naca4412 blade profile is given in
(Table 1).

In experiments, blades chord length, turbine diameter,
angle of attack was changed for under several wind flow
regimes. Three different blades chord lengths are 40, 60 and,
80 mm at 300 mm heights were used. each blade was connected
to the central shaft with aluminum bars having the
3 mm x 20 mm diameters. The turbine diameter also changed
by altering the bar length and, the blades are fixed to the tur-

Connection

rod hole e
Cavities

Naca4412 profile

a) b)

Fig. 4 naca4412 blade (a) and schematic representation (b).

Table 1 blade (naca4412)
data information.

max camber (%) 4

max camber position (%) 40
thickness (%) 12

bine shaft at two different points. The main problem is that the
angle of attack can be adjusted correctly. An aluminum con-
nection plate is designed, as shown in (Fig. 5), for accurate
measurements. Although it is difficult to machine aluminum
material, it has been preferred in this system due to its light-
weight. This body has 100 mm diameters and a 10 mm hole
for the shaft location. Instead of the aluminum shaft, the car-
bon rod was selected to eliminate permanent deformation on it
during rotation, especially at a high revolution. Five same
holes drilled both on the plate and connection bars in laser
cut. The holes, which are named with the letters, are screwed
with the holes in the bars at two different points. Each hole
corresponds to 5 degrees in between, while one is always con-
stant at point a. In other words, if a-b is fixed, it means the
zero angles of attack was formed. When the a-c or a-d is fixed,
5%, 10° attack angles achieved, respectively. The fastening of

;=100 mm

O\‘ Hole diameter

d=3 mm

Fig. 5 details of connection plate.
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the connection plate with rod is tightened with a fiber nut for
both safeties and to prevent separation at rotational speeds
above 1000 rpm.

The rotor diameters of the vawt 200, 300 and, 400 mm,
which corresponds to the aspect ratio is 0,66, 1 and, 1,33,
respectively. These values are appropriate in the range of
0,5 < ar,, less than 2 in investigation of ahmadi and car-
riveau, [42] for vertical axis wind turbine. furthermore, another
important parameter is solidity, which affects the performance
characteristics of vawts. The solidity ratio, g, declares the rela-
tions between the total blade area and turbine projection area
which is defined as;

Ab Nc
4T D (7)

Where n is the number of the blade, c is chord length and d
is the turbine diameter. It changes between 0,3 and 1,2 where
classified under optimum range and high-solidity frame [43].
Detail values are given in table 2 according to cord length
and turbine diameters.

After adjusting the frequency value of electrical motor,
wind velocities were measured using a pitot tube through the
small hole in the test area of the wind tunnel. This process
should be repeated before starting each experiment because,
shape and size of the body which is located in the test section
can be affect the free stream flow velocity. To observe at which
wind speed the turbine self-starts it was measured at zero load
first, causing only voltage values. After that, 100 O, 500 O, 1 k
ohms and 0 k ohms resistors were connected serially to load
the system and power was obtained. voltage and current values
were taken concerning connected resistors.

2.3. Dataset

The dataset produced by wind tunnel testing set-up is primar-
ily pre-processed. As a result of the pre-processing, some rows
and columns were pruned from the dataset to be used to
improve the performance of the Ann architecture. The angle
of attack, turbine diameter, wind speed, chord length, and
resistance columns were determined to be presented as input
to the ann. The output of the network is the voltage column.
In other words, the amount of electricity produced according
to the state of the other parameters will be estimated. Dataset

is divided into three parts as training, validation and testing. A
few sample data are given in table 3.

2.4. Methodology of ann model

A Shallow (a standard two-layer) ann architecture is preferred
because the dataset to be used in the estimation does not have
very dense content. This network has five inputs (angle of
attack, turbine diameter, wind speed, chord length and, resis-
tance) and one output (the voltage). In the experiments, differ-
ent numbers of hidden neurons were used in the hidden layer.
(Fig. 6) shows an ann architecture with five inputs, one output,
and ten hidden neurons (the figure generated from http://
alexlenail.me/nn-svg).

The sigmoid transfer function was used in the hidden layer
and the linear transfer function was used in the output layer.
levenberg—marquardt, more, [43] bayesian regularization, Wil-
liams [44] and scaled conjugate gradient, moller [45] algorithms
were used as learning algorithms. A summary of these algo-
rithms is given below.

- Levenberg-marquardt algorithm: there is an inversely pro-
portional relationship between memory usage and speed
in algorithms. In general, this algorithm uses more memory,
but it works fast. With these features, it is an ideal algo-
rithm for small and medium-size problems [46].

- Scaled conjugate gradient algorithm: needs less memory
than the other algorithms. It also uses less time, but the suc-
cess rate is lower than the others, moller [45].

- Bayesian regularization algorithm: the slowest algorithm
compared to others. It takes more time but is more success-
ful especially in small and noisy data sets, williams [44].

Before network training, the data were normalized accord-
ing to the mapminmax method. In this way, the bias of the sys-
tem according to significant valued parameters (such as
resistance or turbine diameter) is prevented. Wang and bovik,
[4] presented two different evaluation criteria, mean squared
error (mse) and regression (r) were used to measure the predic-
tive success. The mse is the square of the average error between
the estimated value and the actual value. A low mse value
means good performance, and a value of 0 corresponds to

Table 2 aspect ratios and solidity values for each turbine structure.

turbine diameter, d 200 mm 300 mm 400 mm

chord length, ¢ 40 mm 60 mm 80 mm 40 mm 60 mm 80 mm 40 mm 60 mm 80 mm

solidity, o 0.6 0.9 1.2 0.4 0.6 0.8 0.3 0.45 0.6

Table 3 a bunch of sample data from the dataset.

input data index 40 220 407 513
chord length 40 60 80 80
angle of attacks 10 5 5 15
turbine diameter 200 200 200 300
wind speed 5,05 7,01 5,05 9,08
resistance 1000 1000 500 10,000

output voltage 0,465 5,86 3,5 5,45
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Fig. 6 the architecture of the ann.

the actual value. Regression refers to the correlation between
the estimated value and the actual value.

3. Results and discussion

3.1. Dataset partitioning experiment

In this experiment, how the dataset should be partitioned was
examined. When we look at the literature, in the study con-
ducted by Genc and Tunc [47]. It was stated that the most
common choice is 70/15/15. In the study of algahtani et al.,
the 80/10/10 method was taken as a basis alqahtani and whyte
2016 [48]. Andrew, [49] ng prefers 60/20/20 or 70/30, and if the
data is big 98/1/1 in his coursera course. In the article by
Rachel draelos, [50] it is noted that frequent uses are generally
70/15/15, 60/20/20, and 80/10/10, and the best choice should
be found by experimenting. for this purpose, the data set
was subjected to 5 different parts. These are 50/25/25,
60/20/20, 70/15/15, 80/10/10, 90/5/5, and 98/1/1. In general,
98/1/1 is recommended when the number of data amount
reaches millions. If the number of data is expressed in thou-
sands, the most common use is 70/15/15. However, there is
no objective selection method on how to do this partition
because each data has its own unique features. The most log-
ical way is to test which partitioning performs better. This
experiment is intended to guide people with similar data.

Table 4 regression results of the dataset partioning experiments.

In the experiments, most of the data was reserved for train-
ing, and the remainder was split into two equal parts as valida-
tion and testing. for example, in the 50/25/25 experiment, the
data was split into 50% training, 25% validation, and 25% test
data. The test results obtained are given in table 4.

According to these results, increasing the education data
has a good reflection on the results in general. This situation
shows that our data has its characteristics. The fact that the
training data has increased too much has decreased the success
rate. According to the results in the table, it is seen that the
ideal results for our data are obtained in 90/5/5 partitioning.
It is clear that different partitioning gives good results accord-
ing to different data amounts and characteristic features of dif-
ferent data. In this case, it is clear that better results will be
obtained in testing the segmentation by experimenting.

3.2. Learning algorithm experiment

In this experiment, learning algorithms were tested. The num-
ber of hidden neurons is set to 10. each learning algorithm was
tested 50 times and the results of these 50 experiments were
averaged. The results are given in table 5 and table 6.

According to the results, bayesian regularization algorithm
showed the best performance. It was followed by levenberg—
marquardt and scaled conjugate gradient algorithms, respec-
tively. The working times (runtime) of the algorithms are given
in table 7.

partioning all r test r train r val r

50/25/25 0.9777 0.9639 0.9913 0.9649
60/20/20 0.9837 0.9696 0.9927 0.9703
70/15/15 0.9879 0.9741 0.9929 0.9785
80/10/10 0.9911 0.9784 0.9937 0.9832
90/5/5 0.9928 0.9831 0.9937 0.9856
98/1/1 0.9859 0.9760 0.9859 0.9850
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Table 5 regression results of the learning algorithms experiments.
regression results (0—1)
training validation test all
levenberg—marquardt 0.9839 0.9772 0.9766 0.9818
bayesian regularization 0.9870 nan* 0.9796 0.9859
scaled conjugate gradient 0.9423 0.9416 0.9328 0.9408
*the bayesian regularization algorithm does not require validation.
Table 6 performance results of the learning algorithm experiments.
performance results (mse)
training validation test all
levenberg-marquardt 0.1475 0.2085 0.2169 0.1670
bayesian regularization 0.1119 nan 0.1835 0.1294
scaled conjugate gradient 0.5163 0.5368 0.6001 0.5318
Table 7 runtimes of the algorithms. Table 8 hidden unit experiment regression results.
runtimes of the algorithms (seconds) hidden unit experiment regression results
levenberg-marquardt 43.11 training test all hidden units
bayesian regularization 129.28 0,9755 0,9694 0,9746 5
scaled conjugate gradient 33.99 0,987 0,9796 0,9859 10
0,9944 0,9897 0,9937 15
0,9974 0,9933 0,9968 20
0,9987 0,9947 0,9981 25
The algorithm with the longest runtime is bayesian regular- 0,9992 0,996 0,9987 30
ization. The following inference can be made according to the 0,9994 0,9962 0,9989 35
table 5; if the dataset is significant, the levenberg—marquardt ggggg’ 833‘3‘; ggggi 2(5)
algorithm may be preferred to avoid the cost of calculation. ’ ’ ’
son yoep Vol Y 0.9997 0,9927 0,9986 50

The bayesian-regularization algorithm should be selected if
the dataset is not too big or if the calculation time is not very
important and the accuracy is essential.

The bayesian regularization algorithm is more suitable for
our problem since the data density is not very high, and accu-
racy is more critical for us.

3.3. Hidden neuron experiment

In the next experiment, we examined how the number of hid-
den neurons affects educational performance. The bayesian
regularization algorithm is chosen for the training algorithm
because it gave the best results in the previous experiment.
experiments were performed by increasing the number of hid-
den neurons between 5 and 50. These experiments were
repeated 50 times to ensure consistent results, and the results
were averaged. The results obtained are given in the tables
below. regression (r) results are given in the table 8 and fig.
7; error rate (mse) is given in the table 9 and fig. 8 and algo-
rithm run times are given in the table 10 and fig. 9.

The algorithm runtime (seconds) is determined by dividing
the experiment time to 50 to find the approximate completion
time of each experiment.

When the results are evaluated, it is seen that the best per-
formance is obtained with 35 hidden neurons. Furthermore,

when the algorithm runtimes are considered, it is seen that
the runtime increases approximately logarithmically. In this
case, the selection of more than 35 hidden neurons will cause
a decrease in performance, as well as a reasonable period of
study time seems to be over. If the number of hidden neurons
is less than 35, the success rate and working time are decreased.
Under these conditions, it would be reasonable to select the
number of hidden neurons as 35.

3.4. Experiment with the ideal parameters

Ideal training algorithm and number of hidden layers have
been determined with previous experiments. The following
results (table 11) were obtained by using the determined num-
ber of the hidden layer (35) and the training algorithm (the
bayesian regularization).

4. Summary and Conclusion

In this study, vertical axis wind turbine, vawt, was investigated
in a wind tunnel system. This type of turbine has been affected
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Fig. 7 graphic of hidden unit experiment regression results.

Table 9 hidden unit experiment performance (mse) results.

hidden unit experiment performance (mse) results

training test all hidden units
0,2242 0,2737 0,2316 5
0,1119 0,1835 0,1294 10
0,0515 0,0957 0,0581 15
0,0237 0,0648 0,0298 20
0,0122 0,0488 0,0177 25
0,0076 0,0367 0,0019 30
0,0052 0,0367 0,0099 35
0,0037 0,0525 0,011 40
0,0062 0,0623 0,0146 45
0,0028 0,0685 0,0126 50
—&— MSE (Train) MSE (Test) == MSE (All)
0,2
< 0,1
0

5 10 15 20 25 30 35 40 45 50
NUMBER OF HIDDEN LAYERS

Fig. 8 graphic of hidden unit experiment performance (mse)

results.

Table 10 hidden wunit experiment algorithm runtime
comparison.

hidden unit experiment algorithm runtime comparison

runtime (sec) average runtime (runtime / 50) (sec) hidden units

63,79 1,2758 5

129,28 2,5856 10
240,07 4,8014 15
560,38 11,2076 20
607,5 12,15 25
1423,86 28,4772 30
2610,31 52,2062 35
4410,71 88,2142 40
5091,45 101,829 45
7126,74 142,5348 50

== Averaged runtime

101,26

RUNTIME

51,26

1,26
5 10 15 20 25 30 35 40 45 50

NUMBER OF HIDDEN LAYERS

Fig. 9 graphic of hidden unit experiment algorithm runtime
comparison.

Table 11 results of ideal parameters experiment.

bayesian regularization with 35 neurons

evaluation criteria results
regression (test) 0.9997
regression (train) 0.9905
regression (all) 0.9983
performance (mse) 0.0161
train performance (mse) 0.0031
time 277,59 sec

by lots of parameters such as chord length, aspect ratios, angle
of attack etc. The results obtained by changing these data are
listed below:

e Modified nacad4412 airfoil profile was used for this experi-

ment in open circuit wind tunnel set-up.

Blade produced in 3d printer from polymeric material pla

and smoothed to eliminate/minimize the roughness on the

surface using sand paper at 4 stages.

In order to observe at which wind speed the turbine self-

starts it was measured at zero load first. After that, resistors

ranging from 100 to 10k ohms resistors were connected

serially to load the system and power was obtained. Voltage

and current values were taken with respect connected

resistors.

Wind speed was altered from 3 m/s to 9 m/s by changing the

frequency controller of the fan. At each steps wind speed

was measured using a pitot tube in the test area.

e structure parameters of the turbine were changed as chord

length, turbine diameter, angle of attack, wind speed. In

the experiments, more than 800 data were obtained.

The data obtained were used in an artificial neural network

training to be used in energy production estimation

e An ann architectural solution to similar problems has been
identified.

Consequently, the architecture which we have generated for
estimation can be used as ready (the problem does not have to
be exactly the same) in a system with a similar data type. This
learnt artificial neural network can be used in order to make
best use of its efficient designs of these types of vertical axis
wind turbines in rural area. The results obtained showed that
this network we trained can be guide and used in the design
of similar systems.
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Future works

e The ann architecture we generated will be installed on a ser-
ver. Thus, direct estimations can be made in the ready-
trained system for similar problems. public access will be
available also.

e Different training
implemented.

e It is planned to increase the number of data and use deep
learning techniques.

algorithms are planned to be
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