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Abstract: Presented in this study is an artificial intelligence approach 

to pitch angle control in wind turbine for the enhancement of power gen-

eration efficiency of wind energy conversion systems. A two-input neu-

ral network model was developed, trained using backward propagation 

technique and employed in adjusting the pitch angle of the turbine in 

response to the speed of the turbine generator and the rate of change of 

the speed. Ten-year real-life data on the wind speeds of a study location 

was used to validate the approach. At a peak performance, power output 

of 1300 W was obtained through the NN-based control as compared to 

950 W from the non-NN adjustment. This shows that the method per-

forms well in controlling the power above the turbine’s rated wind 

speed. The approach is thus recommended for an effective management 

of the wind energy conversion systems towards improving reliability in 

electric power supply. 
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1 Introduction 

Electric power systems hold the key to national development. Adoption of renewable energy resources, among 

which wind energy is prominent, is thus persistently gaining attention as the world experiences unabated increase 

in demand for electricity. Wind energy becomes most popular renewable energy option due to its cleanliness and 

minimal maintenance requirements of the energy’s conversion facilities [1]. Wind energy conversion (WEC) 

technology has expanded significantly over several decades and has become the most cost-effective approach to 

renewable energy harvesting at present [2–4]. In the technology, WEC systems transform the kinetic energy of 

wind-flow to electricity. The kinetic energy then converts to mechanical power by the rotation of wind turbine 

blade, while the turbine generator, in turn, employs the mechanical power to generate electricity [5].  

Since the flow of wind fluctuates, there is a corresponding fluctuation in the developed mechanical power, with 

consequential fluctuations in the magnitude of the electric power generated. To this end, wind turbines are in-

tended to only function within wind power availability constraints [6, 7] to avoid severe weather that may cause 

damage to them. Proper wind turbines control is thus critical in the deployment of the technology as this promotes 

efficient use of the capacity of WEC systems and alleviates aerodynamic and mechanical stresses [8].  

Turbines with variable speeds perform in two distinct areas: above-rated and below-rated power; to capture the 

most wind speed whenever the power output falls under the expected values. Whenever the flow rate of the wind 

is less than the cut-in speed, the rotational speed of the wind turbine generator (WTG) is zero and thus produces 

no power [9, 10]. If the wind is below the rated speed and above the cut-in, maximum power can be collected 

from the wind by some controlling mechanism call maximum power point tracking (MPPT) technique [11]. At 

the above-rated-speed range, the primary goal becomes maintaining consistent power output without damage to 

the system. This is usually done by reducing the amount of wind energy collected, which is performed by adjusting 

the pith angle of the blades [12, 13]. Therefore, in addition to alleviating mechanical stress, robust power quality 

management and manipulation of reactive resource usage are other reasons for system control in WEC systems.  

Oscillation in the output energy, as a result of changing wind speed, is a major challenge of WEC systems; and 

adjustment of the blade angle has been the major solution to this fluctuation of power [14]. By adjustment, wind 

speed beyond the rated value is checked by triggering pitch angle control mechanism [8] in order to keep the 

power output constant at its rated value. Management of the pitch angle is a method in which the turbine blade 

angle is varied as the power control variable beyond the wind speed rated value [15]. Proportional-integral (PI) 

controller has been commonly used as pitch angle adjuster; but despite its simplicity, [14, 15] submit that the 

controller cannot reach the optimized performance due to the non-linear dynamics of WTG. Therefore, different 

control structures like nonlinear PI (N-PI) [15] and fractional order PI (F-PI) [16]; have been in use. As well, 

structural cascade control [13] and the control fault tolerant [17] are used in compensating unknown time-varying 

nonlinearity and disturbances. Some other available techniques are observer-based blade pitch control [18] and 

fuzzy logic control [19–21]. In addition, pitch angle control has been improved through model predictive control 

(MPC) approach, but with related prediction computing complexity [22]. Another way by which pitch control has 

been improved is that instead of relying on prediction, the control is accomplished using a future knowledge of 

wind conduct and the wind speed data sent to WTG from one another [23]. Such signal may then be provided for 

the MPC to ensure best possible response [18–19]. Information on future wind conditions aids MPC to provide 

optimal solutions while considering system constraints [20]. The MPC can also predict future behavior using a 

plant model, and as a result, the WTG control system has shown significant gains [21]. From a practical standpoint, 

however, the online solution of quadratic program is the main drawback of the MPC [20, 21]. As a result, a better 

method for controlling pitch angle is required; hence, this present study proposes the use of artificial neural net-

works (ANN) for the control. 

At the core of the concept of the approach presented in this study is the design of an MPC-based controller that 

is capable of constantly maintaining minimum fluctuation in the power output of WEC systems [22]. The strategy 
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involves providing wind speed data to the wind turbine ahead of time using backward propagation neural networks 

(BPNNs). In the literature, neural networks (NNs) have been used to build nonlinear control systems. It is therefore 

employed in this study for pitch control in WEC system to maintain a constant power output level in the region 

over the rated output power. The controller is designed to perform an advance optimal control action and minimize 

undesired power fluctuations [24–26]. This proposed method is demonstrated using a software-based simulation 

platform with wind turbine model and a real-life windspeed data.    

The remaining parts of this paper are arranged as follows: while methodology of the study and materials used 

are presented in Section 2, Section 3 contains and discusses the results of the demonstration of the approach, and 

Section 4 draws the conclusion of the study. 

2 Methodology 

A model of the WEC system whose pitch angle was controlled using neural network (NN), was developed on 

the simulation environment of MATLAB/Simulink. Figure 1 is a blocked diagram that depicts the modeling. 

While inputs to the NN are the current speed of the turbine generator and the change rate of the speed, its singular 

output is the shifting angle of the differential pitch of the wind turbine. The mechanical power developed by this 

turbine is thus a product of the varying angle of the pitch. 

 

Fig.1. Block diagram of the NN-based control of pitch angle in WEC system 

The operational characteristics of a typical WEC system are as represented by the plots in Figure 2 that show 

the relationship among the parameters of the system. WEC system is generally characterized by tip speed ratio (λ) 

and power coefficient (Cp) that is described in [27] as: 
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Where   represent turbine speed, R  stands for radius of the swept area of the turbine rotor, Wv is the wind speed, 

α is the pitch angle, 𝛽 = 𝑘3𝛼 + 𝑘4𝛼
𝑘5 + 𝑘6, 𝛾 = 𝛼3 + 𝑘8𝑘9𝛼 + 1, and Λ = 𝑘8(𝛼

3 + 1)𝛼.  

By general description, approximately mechanical power, mP , developed by the turbine blades from the wind 

flow is [31–33]: 

35.0 Wpm vACP =                                                       (2) 
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Where  stands for the air density and A for the swept area of turbine rotor blade. If   stands for the turbine 

speed, then  max  represents the maximum turbine speed at which maximum mechanical power is developed 

from wind flow. Therefore, the wind speed,
*

Wv , at which the maximum mechanical power is harvested is [27]:   
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Thus, the maximum mechanical power accruable from the wind by the turbine is a function of 𝛼 and max as 

[27]: 
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Adapting the turbine speed to rotational speed of the turbine generator requires a gear system with ratio


n
gr =

, where n  is the generator speed. This generator speed thus relates with mechanical power as [27]: 
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Thus, from equation (3), the relationship among wind speed, pitch angle and generator speed is obtained as [27]: 
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Fig. 2. Operational characteristics of a typical WEC system. Adapted from [27] 
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Training procedures and computations in neurons and layers of the NN model are carried out using Levenberg-

Marquardt (LM) algorithm. LM is a second-order algorithm [28, 29] that can solve complex problems [30]. The 

block diagram of the NN model developed with two hidden layers of 16 neurons altogether is display in Figure 3. 

Present generator speed,
n , and rate of change of the speed, 𝜔𝑛

′  are the two inputs into the model; while the 

output is the varying pitch angle which determines the power quality generated. Generally, NN is expressed as 

[30]: 

                                                    𝑌 = 𝑋𝑇𝑊                                              (7) 

Where;  

X represent input; 

W for the weight, and  

Y for the target / output. 

 

 

Fig. 3. Block diagram of the NN model 

The procedures followed for the multi-layer perceptron learning are: 

Step one:  Data propagation layer to the output from the input; forward propagation 

Step two:  The actual and the predicted outcome differences are determined as; calculative error on the output 

bases.  

     Step three:  The network and updated model with respect to each weight are obtained as derivative error; error 

back-propagation.  

Step four:  Steps 1to3 were to learn ideal weight over multiple epochs; and 

Step five: to obtain the predicted class labels, the output via a threshold function is taken.  

The hidden layer activation unit 𝑎1(ℎ) is calculated in the first step as [30]: 

𝑍1(ℎ) = 𝑎0(𝑖𝑛)𝑤0,1(ℎ) + 𝑎1(𝑖𝑛)𝑤1,1(ℎ) +⋯+ 𝑎𝑖(𝑖𝑛)𝑤𝑘,1(ℎ)     (8) 

    𝑎1ℎ = ∅(𝑍1(ℎ))                     (9) 

The activation unit results is the application of activation function, ∅, to the 𝑧 value. This is differentiable for 

weight learning using gradient descent. The activation function is mostly the sigmoid (logistic) functions. 

  ∅(𝑧) =
1

1+𝑒−𝑧
      (10) 

In order to solve complex problems like image processing, the nonlinearity needed is allowed. The hidden layer 

activation is also represented as [30]: 

               𝑧(ℎ) = 𝑎(𝑖𝑛). 𝑤(ℎ)     (11) 

Where the output later is: 

            𝑍(𝑜𝑢𝑡) = 𝐴(ℎ).𝑤(𝑜𝑢𝑡)     (12) 

Wherein,  

𝑎(𝑖𝑛) = ith value is the input layer 

𝑎𝑖(ℎ) =  ith unit is the hidden layer 

𝑎𝑖(𝑜𝑢𝑡) =  ith value in the output layer 

𝑎0(𝑖𝑛) =   The corresponding weight 𝑤0 with bias unit 

𝑤𝑘,𝑗(𝑖) =  from layer 1 to layer i+1 is the weight coefficient 
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 Training, validation, and testing of the NN algorithm was achieved using 70%, 15% and 15% respectively, of 

the wind speeds data; while mean square error (MSE) was used as evaluation index. The data, which is ten-year 

real-life wind speeds in the city of Ibadan (Nigeria) as recorded per minute for the period, was obtained from 

Climate Hazards Group Infrared Precipitation Station (CHIPPS). Performances of the proposed control mecha-

nism are evaluated by investigating the behavior of the turbine to the wind speeds that are greater than the rated 

capacity of the turbine. The output mechanical power relates to the variations in the pitch angle, which is a function 

of the turbine generator’s speeds. 

3 Results and Discussion  

Results obtained from the demonstration of the pitch controller are here presented and discussed. Regression 

analysis, training, and validation of the NN model, as well as mechanical power output behavior of the WEC 

system based on the approach of this study are described. 

Shown in Figure 4 are the regression analysis curves wherein outputs are plotted against targets. The four plots: 

training, validation, test, and all; are presented, with the all-plot giving an overall performance of the algorithm. 

The closer the target to the output, the better the regression plots. Likewise, the more the regression value is to 1, 

the better. The output value represents the equation of a straight line. The coefficient of the target is the gradient, 

and the constant value is the intercept on output axis. Also, the more the slope is to unity and the intercept to zero, 

the better the regression plot. The curves show regression values of 0.97343, 0.97512, 0.99185 and 0.97651 for 

the training, validations, tests, and all, respectively. The all-plot’s regression of 0.97651 was considered to be 

good value, and so the algorithm was deployed for the pitch angle control. 

 

In Figure 5 is revealed the performances of the algorithm. The best validation performance of the NN model was 

22.1343 at epoch 91. This validation value implied that the model could be deployed for the proposed prediction. 
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Fig. 4. Plots showing the results of regression analysis. 

 

 

 

 
Fig. 5. Performances of the model at training and validation 

 

Figures 6 and 7 respectively show the pitch angle adjustment using the NN-based controller and the corre-

sponding mechanical power developed, as compared with the defaults. While in Figures 6 the actual and the 

predicted values of the pitch angle are compared, the mechanical power developed in response to the pitch adjust-

ment is presented in Figure 7. At a peak performance on the figure, power output of 1300 W was obtained through 

the NN-based control as compared to 950 W from the default method. This shows 38.89% increase in the power 

developed by the turbine. 

Best Validation Performance is 22.1343 at epoch 91 
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Fig. 6. Comparison between the actual and the NN predicted pitch angle. 

 
Fig.7. Mechanical power developed using the NN-Based pitch angle controller. 

4 Conclusion  

With the simulation experiments carried out, this study has found out that the NN-based pitch angle control of 

wind turbines performs well in controlling the mechanical power developed by wind energy conversion systems 

above the turbine’s rated wind speed. The control mechanism performs well in the above-rated-wind-speed region 

of operation, with increase in the mechanical power developed by the turbine. The approach is thus recommended 

for the enhancement of pitch angle control and the overall efficiency of wind energy conversion systems for better 

reliability of electric power supply. For hierarchy of decision-making, however, the control mechanism can be 

developed further using deep neural network. 

 
Time (s) 

                     
    

    

    

    

    

    

    

    

    

    

    

              
                 

 
Datapoint  

                
  

    

    

    

    

     

     

     

            
         



 
 

JDFEWS 4 (2): 72-82, 2023 

ISSN 2709-4529 
 

Ajewole, et al., 2023  JDFEWS 4(2), 2023, 72-82 

5 Acknowledgment 

There was no funding received for this work. However, the Department of Electrical and Electronic Engineer-

ing, Osun State University, Osogbo, Nigeria; and the Department of Electrical and Electronics Engineering, Fed-

eral Polytechnic, Ede, Nigeria are hereby appreciated for providing enabling environments for this study. 

6 References 

[1] R. Sitharthan, C. Sundarabalan, K. Devabalaji, T. Yuvaraj, A.M. Imran, Automated power management strategy for wind 

power generation system using pitch angle controller, Measurement and Control 52 (3) (2019) 169–182. 

https://doi.org/10.1177/0020294019 827330. 

[2] T.O. Ajewole, M.O. Lawal, M.O. Omoigui, Development of a Lab-demo facility for wind energy conversion systems, 

International Journal of Energy Conversion 4 (1) (2016) 1–6. https://doi.org/10.15866/irecon.v4i1.8572. 

[3] T.O. Ajewole, O. Kayode, M.O. Omoigui, W.A. Oyekanmi, Demonstration of power factor improvement in wind energy 

conversion systems using wind turbine emulator, Nigerian Society of Engineers Technical Transactions 50 (1) (2016) 

108–123. 

[4] T.O. Ajewole, K.O. Alawode, M.O. Omoigui, W.A. Oyekanmi, Design Validation of a laboratory-scale wind turbine 

emulator, Cogent Engineering 4 (2017) 1 – 13. https://dx.doi.org /10.1080/23311916.2017.1280888. 

[5] I.K. Okakwu, O.E. Olabode, A.S. Alayande, T.E. Somefun, T.O. Ajewole, Techno-economic assessment of wind turbines 

in Nigeria, International Journal of Energy Economics and Policy 42 (2) (2021) 197–204. 

https://doi.org/10.22581/muet1982.2302.20. 

[6] T.O. Ajewole, W.A. Oyekanmi, K.O. Alawode, O.D. Momoh, M.O. Omoigui, Performance assessment of the distribution 

sub-system in the deregulated Nigerian power sector, Proceedings of the 6th IEEE PES/IAS PowerAfrica Conference 

(2019) 1–5. https://doi.org/10.1 109/PowerAfrica.2 019.8928916. 

[7] T.O. Ajewole, W.A. Oyekanmi, A.A. Babalola, M.O. Omoigui, RTDS modeling of a hybrid-source autonomous electric 

microgrid, International Journal of Emerging Electric Power Systems 18 (2) (2017) 1–13. https://doi.org/10.15 15/ijeeps-

2016-0157. 

[8] T.O. Ajewole, O.D. Momoh, O.D. Ayedun, M.O. Omoigui, Optimal component configuration and capacity sizing of a 

mini-integrated power supply system, Environmental Quality Management 28 (4) (2017) 57–62. http://doi.org/10.10 

02/tqem.21639. 

[9] L. Cavanini, M.L. Corradini, G. Ippoliti, G. Orlando, A control strategy for variable-speed variable-pitch wind turbines 

within the regions of partial- and full-load operation without wind speed feedback, Proceedings of the 2018 European 

Control Conference (ECC) (2018) 410–415. 

[10] D. Ochoa, S. Martinez, Frequency-dependent strategy for mitigating wind power fluctuations of a doubly-fed induction 

generator wind turbine based on virtual inertia control and blade pitch angle regulation, Renewable Energy 128 (2018) 

108–124. 

[11] H. Matayoshi, A.M. Howlader, M. Datta, T. Senjyu, Control strategy of PMSG based wind energy conversion system 

under strong wind conditions, Energy Sustainable Development 45 (2018) 211–218. 

[12] A. Dahbi, N. Nait-Said, M.S. Nait-Said, A novel combined MPPT-pitch angle control for wide-range variable speed wind 

turbine based on neural network, International Journal of Hydrogen Energy 41 (22) (2016) 9427–9442.  

[13] M.B. Smida, A. Sally, Smoothing wind power fluctuations by particle swarm optimization-based pitch angle controller, 

Transactions on Instrumentation, Measurements and Control 41 (3) (2019) 647–656.  

[14] Y.J. Joo, J.H. Back, Power regulation of variable speed wind turbines using pitch control based on disturbance observer, 

Journal of Electrical Engineering Technology 7(2) (2012) 273–280. 

[15] Y. Ren, L. Li, J. Brindley, L. Jiang, Nonlinear PI control for the variable pitch wind turbine, Control Engineering Practice 

50 (2016) 84–94.  

[16]  M. Oussama, A. Choucha, L. Chaib, Fractional order PI controller design for control of wind energy conversion system 

using bat algorithm, Lecture Notes in Networks and Systems 62 (2019) 270–278.  

[17] J. Lan, R.J. Patton, X. Zhu, Fault-tolerant wind turbine pitch control using adaptive sliding mode estimation, Renewable 

Energy 116 (2018) 219–231.  

http://dx.doi.org/10.1177/0020294019827330
https://doi.org/10.15866/irecon.v4i1.8572
https://doi.org/10.1%20109/PowerAfrica.2%20019.8928
https://doi.org/10.15%2015/ijeeps-2016-0157
https://doi.org/10.15%2015/ijeeps-2016-0157
http://doi.org/10.10%2002/tqem.2
http://doi.org/10.10%2002/tqem.2


 
 

JDFEWS 4 (2): 72-82, 2023 

ISSN 2709-4529 
 

Ajewole, et al., 2023  JDFEWS 4(2), 2023, 72-82 

[18] M.L. Corradini, G. Ippoliti, G. Orlando, An observer-based blade-pitch controller of wind tur bines in high wind speeds, 

Control Engineering Practice. 58 (2017) 186–192. 

[19] T.L. Van, N.K. Dang, X.N. Doan, T.H. Truong, H.N. Minh, Adaptive fuzzy logic control to enhance pitch angle controller 

for variable-speed wind turbines, Proceedings of 10th International Conference on Knowledge and Systems Engineering 

(KSE) (2018) 225–229. 

[20]  Z. Civelek, M. Lüy, E. Çam, H. Mamur, A new fuzzy logic proportional controller approach applied to individual pitch 

angle for wind turbine load mitigation, Renewable Energy 111 (2017) 708–717.  

[21] K.A. Naik, C.P. Gupta, Fuzzy logic-based pitch angle controller for scig based wind energy system, Proceedings of Re-

cent Developments in Control, Automation & Power Engineering (2017) 60–65. 

[22] M.D. Spencer, K.A. Stol, C.P. Unsworth, J.E. Carter, S.E. Norris, Model predictive control of a wind turbine using short-

term wind field predictions, Wind Energy 16 (3) (2013) 417–434.  

[23]  J. Bahasa, I. Ngamroo, Model predictive control-based wind turbine blade pitch angle control for alleviation of frequency 

fluctuation in a smart grid, Proceedings of 2014 International Electrical Engineering Congress (2014) 1–4. 

[24] D. Song, J. Yang, M. Su, A. Liu, Z. Cai, Y. Liu, Y.H. Joo, A novel wind speed estimator integrated pitch control method 

for wind turbines with global power regulation, Energy 138 (2017) 816–830.  

[25]  A.G. Alexandrov, V.N. Chestnov, V.A. Alexandrov, Identification based control for wind turbine, IFAC-Papers On-Line 

50 (1) (2017) 2272–2277. 

[26] O. Oluseyi, O. Richard, K. James, M. Julius, O.  David, A. Adekunle, Wind energy study and energy cost of wind elec-

tricity generation in Nigeria: Past and recent results and a case study for southwest Nigeria, Energies 7 (2014) 8508–

8534. https://doi.org/10.3390/en 7128508. 

[27] T.O. Ajewole, Modelling and simulation of a hybrid-source autonomous electric microgrid system. Doctor of Philosophy 

Thesis, Obafemi Awolowo University, Ile-Ife, Nigeria (2014). 

[28] H. Yu, B.M. Wilamowski, Levenberg–Marquardt training, Intelligent Systems, Boca Raton CRC Press (2018) 12–11. 

[29] T.O. Ajewole, O. Oladepo, K.A. Hassan, A.A. Olawuyi, O. Onarinde, Comparative study of the performances of three 

metaheuristic algorithms in sizing hybrid-source power system, Turkish Journal of Electric Power and Energy Systems 2 

(2) (2022) 134–146. https://doi.org/10.5152/tepes.2022.22012. 

[30] T.O. Ajewole, A.A. Olawuyi, M.K. Agboola, O. Onarinde, A comparative study on the performances of power systems 

load forecasting algorithms, Turkish Journal of Electric Power and Energy Systems 1 (2) (2021) 99–107. 

https://doi.org/10.5152/tepes2021.21043.  

[31] M. Negnevitsky, P. Johnson, Short-term wind power forecasting using hybrid intelligent systems, Master Dissertation, 

University of Tasmania, Hobart, Australia (2006). 

[32] M. Fatemeh, L. Taha, Short-term wind power forecast for economic dispatch, Master Thesis, American University of 

Sharjah, Sharjah, United Arab Emirates (2013).  

[33]  S. George, D.H. Nikos, An advanced statistical method for wind power forecasting, IEEE Transactions on Power Systems 

22 (1) (2007) 68–77. 

7 Authors 

Titus O. Ajewole has the memberships of the Institute of Electrical and Electronic Engineers (IEEE) and the 

Nigerian Society of Engineers (NSE). He is a Fellow of the Nigerian Institute of Electrical and Electronic Engi-

neers (NIEEE) and registered as an Electrical Engineer by the Council for the Regulation of Engineering in Ni-

geria (COREN). He is currently with the Department of Electrical and Electronic Engineering, Osun State Uni-

versity, Osogbo, Nigeria as an Associate Professor of Energy Transition and Electric Microgrid. 

 

Mutiu K. Agboola is a member of the Nigerian Institute of Electrical and Electronic Engineers (NIEEE), a 

Registered Engineer and a Principal Technologist at Federal Polytechnic, Ede, Osun State, Nigeria. 

 

https://doi.org/10.3390/en%207
https://doi.org/10.5152/tepes.2022
https://doi.org/10.5152/tepes2021.21043


 
 

JDFEWS 4 (2): 72-82, 2023 

ISSN 2709-4529 
 

Ajewole, et al., 2023  JDFEWS 4(2), 2023, 72-82 

Kabiru A. Hassan is a member of the Nigerian Institute of Electrical and Electronic Engineers (NIEEE), a 

Registered Engineer and an Assistant Chief Instructor at Federal Polytechnic, Ede, Osun State, Nigeria.  

 

Adedapo O. Alao is a member of the Nigerian Society of Engineers (NSE), a Registered Engineer and a Dep-

uty Director (Transmission), Osun State Broadcasting Corporation, Osogbo, Osun State, Nigeria 

 

Omonowo D. Momoh is a member of the Institute of Electrical and Electronic Engineers (IEEE) and a Pro-

fessor at Purdue University Fort Wayne, Fort Wayne, USA 


