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Abstract  

The bladeless wind turbine is an oscillatory turbine working on the phenomenon of vortex shedding .The 
bladeless wind turbine will be designed in vertical position and placed on the base. Up on the base and 
under the mast, spring of sufficient stiffness will be placed to increase the vibrations of the shedding. The 
displacement will be the result of vortex shedding and can be converted into electricity with the use of 
transducer which generally converts the displacement of the magnetic core. The electricity from the 
transducer will be converted into required rating with the DC-DC converter. The output of the converter 
will be controlled with the PID and fuzzy controllers attaining the reference output with obtaining the 
fast response. 
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Introduction  

The proposed Bladeless wind turbine uses fuzzy 
logic controller to attain certain advantages like 
larger settling time, higher harmonics, and 
absence of continuous tuning of the controller. 
The following figure 1 shows the proposed fuzzy 
logic controller which is directed to converter in 
which reference voltage is compared with 
obtained value from the converter .The error 
processed is directed to fuzzy regulator which in 
turn generates duty cycle for the switch of the 
converter. Fuzzy logic based regulator [64] which 
is given away in beneath figure comprises of 
blocks like fuzzifier, fuzzy inference, rule based 
system, defuzzifier. The designed fuzzy rule 
based regulator comprises two inputs named as 
error and change in error. Error is the deviation 
among real output of the converter and probable 
value and change in error is the demarcation of 
error or the disparity among current error and 
previous error. Fuzzifier changes crisp variables 
into fuzzy variables with membership functions 
and will be passed as input variables to inference 
engine. In fuzzy rule based inference engine, 
fuzzy rules are directed to the membership 
functions and processing will be made for 
generating rule based system. After performing 
the rule based system and calculating the output, 
it will directed to defuzzifier to change fuzzy into 

crisp variables. The fuzzy inference system used 
in fuzzy controller is mamdani inference system 
due to its advantages like simpler to formulate 
rules, accuracy in the output, robustness incase of 
noisy input, behavior more like human and 
simple in developing the rules. 

The fuzzy rule based inference can be sugeno or 
mamdani however the projected regulator 
utilizes a mamdani kind of inference engine and 
output is among [-1 1]. The input and output 
Membership functions can be of dissimilar 
shapes yet the proposed regulator deems input 
and output membership functions of triangular 
shape and amongst the various kinds of 
defuzzification techniques, method of centroid is 
utilized for defuzzification for the regulator. The 
yield value after defuzzification symbolizes 
reference signal which is among [0 1] is passed to 
the pulse width modulation for generating gate 
signal to the switch of converter. 
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Fig 1: Block drawing of Fuzzy Logic Controller 

The proposed fuzzy rule based regulator 
comprises of two inputs namely the processed 
error 𝑒𝑝 and differentiated processed error 𝑒 𝑝 
and two member ships for the two inputs and one 
function of membership for one input which is 
triangular. Using IF-THEN condition fuzzy rules 
are formed for the input functions of membership 
and respective output will be produced. The 
following table shows the rules of the fuzzy logic 
controller Where NB –Negative Big, NM-Negative 
Medium, NS-Negative Small, Z-Zero, PS-Positive 
Small, PM-Positive Medium, and PB-Positive Big. 

Literature review  

In [76] author’s had advocated the use of artificial 
neural networks (Fuzzy Controler) in a variety of 
applications, which had increased in popularity 
over time. It was decided to examine the hybrid 
renewable microgeneration system. The 
MATLAB environment was used to construct a 
controller for predicting the future room 
temperature, and six different FUZZY 
CONTROLER control logics were tested and 
evaluated. According to the findings of the 
analysis, Fuzzy Controler-based methods have 
the potential to reduce primary energy 
consumption (by up to 36 percent), operating 
costs (by up to 81 percent), and carbon dioxide 
equivalent emissions (by up to 81 percent) (up to 
around 36 percent). 

In [77] author’s, In order to model the working 
characteristics of a counter-rotation micro wind 
turbine, it was possible to use the software. The 
MSE was used to determine the overall quality of 
the network.. The turbine's design allows for the 
changing of the blades' wedge angle and the 
distance between rotors to be accomplished 
without waking the operator. As a result, in the 
future, the network model that has been 

developed might be utilised for programming the 
controller, allowing for the optimization of the 
operational parameters of the wind turbine in 
order to maximise the amount of energy 
generated. 

In [78] author’s designed an efficient and robust 
approach to anticipate the power generation 
from anaerobic digesters by taking into account a 
variety of parameters and feedstocks, with the 
goal of reducing costs (organic fraction municipal 
solid waste, wastewater sludge, and co-
digestion). The NN tool, which was developed 
with the assistance of MATLAB programming, 
was used to anticipate the amount of electricity 
produced. 

In [79] author’s It had been indicated that energy 
consumption control in energy-intensive 
enterprises should be regularly treated as an 
additional vital activity in order to continuously 
improve energy performance, which was 
supported by the data. They had proposed an 
entirely new approach to energy consumption 
control by offering a methodology based on 
artificial neural networks (FUZZY CONTROLER), 
with the goal of developing an automated energy 
consumption control system. In order to enable 
the automatic usage of such tools, the researchers 
developed a mechanism to categorise a lack of 
accuracy in their model as well as two distinct 
retraining strategies that were then evaluated 
and contrasted. 

In [80] author’s had explored and developed in 
the field of renewable energy, which had been 
expanding as a result of the need for renewable 
energy as a more extensive and dependable 
source of energy. According to them, artificial 
intelligence techniques such as artificial neural 
networks (FUZZY CONTROLER), fuzzy logic, and 
genetic algorithms (GA) had been extensively 
used to deal with these problems in the field of 
RE, and even though there were problems with a 
degree of uncertainty, bayesian networks were 
needed because they were one of the most 
efficient theories to deal with them. 

In [9] author’sNonlinear autoregressive 
architecture of a Recurrent Neural Network 
(RNN) was used to enhance HRE systems' power 
management techniques (PMSs). It was therefore 
possible to improve and optimise the PMS using 
the local meteorological data, which resulted in 
the particular HRE system being acceptable for 
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use as a self - contained distant energy plant as a 
consequence of the RNN framework. 

In [39] author’s brought out the fact that power 
generation from renewable resources was on the 
rise in the majority of countries, and that this 
trend was expected to continue in the foreseeable 
future Physical, statistical, artificial intelligence, 
and hybrid procedures are employed by the 
major forecasting approaches. A brief review of 
forecasting methodologies, as well as an 
appraisal of their presentation as utilised in the 
literature, were all provided by their research. 
They also gave a reason for forecasting in power 
systems. It was given together with major 
forecasting difficulties and emerging trends to 
demonstrate how their strategies for enhancing 
prediction accuracy may be applied. 

In [34] author’s realised that NN were becoming 
used as a means of exchanging information with 
traditional approaches Complex systems were 
being modelled, recognised and optimised 
through the use of these techniques. They were 
also being evaluated, classified, and controlled by 
the use of these techniques. In this work, a variety 
of NN applications in wind power generation are 
discussed. According to the suggested technique, 
NN applications in wind energy systems may be 
broken down into three major categories: 
forecasting and predictions, predictive, and 
recognition and estimation. 

In [38] author’s, It has been proposed that the 
increased use of renewable energy sources such 
as wind and solar power will dramatically 
increase the amount of uncertainty in power 
systems. Identifying and quantifying potential 
uncertainties associated with projections. They 
had developed a NN-based method for the 
creation of PI, which they had applied. Comparing 
the formulation to the cost function, the 
formulation was closer to the primary problem 
and contained fewer variables. Comparisons 
revealed that the proposed technique was 
capable of producing higher-quality forecasting 
indicators (PIs) for load and wind power output 
in a relatively short period of time. 

In [12] author’s When additional extended 
periods spFuzzy Controlering diverse seasons 
were completed, the factors that could affect the 
accuracy of short-term wind speed prediction 
have been explored. Power output by precision 
horizontal axis wind turbines was forecasted 
using two types of neural networks (NN). The 

findings revealed that seasonal variations have 
an impact on the accuracy of wind resource 
predictions, but the size of this influence is highly 
dependent on the information provided by the 
NN used. 

In [11] author’s, It was suggested that alternative 
energy sources such as wind and solar be used 
instead of more conventional ones. At the time of 
this writing, solar photovoltaic (PV) systems and 
hybrid renewable energy systems (WECS) in 
especially were playing an important role in 
addressing global energy demands. Renewable 
energy system modelling, simulations, and 
control were all commonplace uses of FUZZY 
CONTROLER technology. For PV and WECS 
systems, FUZZY CONTROLER applications were 
also included in their suggestion and the 
employment of NN structures had been justified 
in these systems. 

 

Methodology  

Software apprehension Of The Controllers 
Based Bladeless Wind Turbine  

The bladeless wind turbine has been replicated 
without controller, with PID controller and with 
Fuzzy rule based controller with the 
specifications given in below tables using 
MATLAB Simulink and the outcomes are given 
away in below.  

The bladeless wind turbine has been simulated 
with different wind speeds starting from U=0m/s 
and the below table illustrates the electrical 
energy generated by the bladeless wind turbine 
providing cut in speed, cut out speed and rated 
wind speed. 

Table 1: Power Generated with Different 
Wind Speeds 

S. 
No. 

Wind speed 
(m/sec) 

 

Power 
generated(W) 

 
1.  0.6 4 
2.  1.2 50 
3.  2.4 150 
4.  4.8 350 
5.  5.2 600 
6.  5.8 982 
7.  6.4 1600 
8.  7 1900 
9.  7.4 2100 
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With the amount of power generated, this wind 
turbine can be used for residential applications 
and also smaller rated commercial applications. 

 

Fig 2: Graph of Power produced by Bladeless 
Turbine 

 

starting from wind speed U=0m/s where the 
power increases from U=0m/s to 8m/s linearly 
and from U=8m/s to 10m/s , the power is slightly 
increasing and from U=10m/s to 12m/s , the 
power is constant stating that the bladeless wind 
turbine reaching cut out speed.  

Table 2: Specifications of Bladeless Turbine 

S.No. Parameter Value 

1.  Cut in speed 0.6m/s 

2.  Rated speed 4m/s 

3.  Cut out speed Cut out speed 

 

 

Fig 3: Simulink Model of Bladeless Turbine 

 

Result and Discussion 

 

Fig 4: Displacement of the Mast 

 

Fig 5: Displacement of the Mast with and 
without controller 

 

Fig 6: Output Voltage of Transducer 
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Fig 7: Voltage at the Output of Diode Rectifier 

 

Fig 8: Output current of rectifier 

 

Fig 9: P-V Curve of wind turbine at U=2m/s 

 

Fig 10: P-V Curves of wind turbine at various 
wind speeds 

 

Fig 11: Output voltage of High Gain Converter 

 

 

Fig 12: Output current of High Gain Converter 
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Fig 13: Output power of High Gain Converter 

 

Simulation of the bladeless turbine system 
with PID controller  

The amount produced by the high gain converter 
has been regulated with the PID checker with the 
reference voltage of 350V DC to attain the fast 
dynamic response. 

 

 

Fig 14: Simulink Model of Bladeless Wind 
Turbine with PID Controller 

 

Fig 15: Output voltage of High Gain Boost 
Converter with PID controller 

 

Fig 16: Output current of High Gain Boost 
Converter with PID controller 

 

Fig 17: Output power of High Gain Boost 
Converter with PID controller 
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Simulation of Bladeless wind turbine with 
fuzzy controller  

The production from the high gain converter has 
been regulated with the Fuzzy rule based 
controller with the reference voltage of 350V DC 
to attain the fast dynamic response. 

 

Fig 18: Simulink Model of Bladeless Turbine 
with fuzzy controller 

 

 

Fig 19: Output voltage of High Gain Boost 
Converter with fuzzy controller 

 

 

Fig 20: Output current of High Gain Converter 
with fuzzy controller 

 

 

Fig 21: Output power of High Gain Converter 
with fuzzy controller 
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Fig22: Membership Functions of Input and 
Output for the Fuzzy Controller 

 

Fig 23: Output potential of High Gain Boost 
Converter with PID and fuzzy controller 

 

 

Simulation of Fuzzy based Bladeless wind 
turbine with single phase two level inverter  

As the fuzzy output shows the better than the 
output with PID Controller, the bladeless wind 
turbine system has been simulated with the 
single phase two level inverter for AC 
applications. 

 

Fig 24: Voltage at the Output of Two Level 
Inverter 

 

Fig 25: Output Current of two level inverter 

 

 

Simulation of Fuzzy based Bladeless wind turbine 
with single phase three level inverter  

Since it is well-known that three level based 
inverter reduces the harmonics when contrasted 
to the conventional inverter, the bladeless wind 
turbine has been simulated with the single phase 
supply based three level inverter for AC 
applications. 
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Fig 26: voltage at the output of three level 
inverter 

 

Fig 27: output current of three level inverter 

 

Fig 28: Total Harmonic Distortion graphs of two 
level and three level inverter 

 

The above figure 28  show the comparison of the 
performance of two level based inverter and 
three level based inverter in view of total 
harmonic distortion where the three levels based 
inverter generates a smaller amount of harmonic 
output than two level based inverter by 1.4%. 

 

Conclusion 

Design and modelling of a bladeless wind turbine 
are covered in this chapter. A bladeless wind 
turbine with PID and fuzzy logic controllers is 
also included in this package. To sum up, the 
results showed that the high gain boost converter 
used with a PID controller and a fuzzy logic 
controller performed better in terms of settling 
time, rise time, peak time, peak overshoot, and 
percent ripples than the converter without the 
fuzzy logic controller. It has also been compared 
to the two level and three level inverters, where 
the three level inverter exhibits a 1.4 percent 
improvement in overall harmonic distortion. 
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