UNIVERSITY OF NAIROBI

- R

¥

- e
SCHOOL OF ENGINEERING
DEPARTMENT OF ELECTRICAL AND ELECTRONIC ENGINEERING
SHORT-TERM WIND-SPEED-TO-WIND-POWER FORECASTING

USING A HYBRID OF PARTICLE SWARM OPTIMIZATION AND
ARTIFICIAL NEURAL NETWORKS

BY
ODUORY VICTOR WABWIRE
F56/74309/2014

A thesis submitted in fulfillment for the Degree of Masters of Science in Electrical

and Electronic Engineering, in the Department of Electrica and Electronic

Engineering of the University of Nairobi

SIGNATURE.........coi, DATE



Thisthesisis submitted with our approval as University supervisors:

SUPERVISORS:

DR CYRUS WEKESA:

SIGNATURE..........co, DATE....co

PROF. M.K MANGOLI

SIGNATURE..........coi, DATE....co

CHAIRMAN:

DEPARTMENT OF ELECTRICAL AND ELECTRONIC ENGINEERING:

SIGNATURE..........coi, DATE....co

SCHOOL POSTGRADUATE STUDIESCOMMITTEE (SPSC):

CHAIRMAN:

SIGNATURE.......c.ci i, DATE....o
DEAN:

SCHOOL OF ENGINEERING:
SIGNATURE.......c.ci i, DATE....o



DECLARATION OF ORIGINALITY

NAME OF STUDENT; Victor Wabwire Oduory

REGISTRAION NUM BER; F56/74309/2014

COLLEGE; Architecture and Engineering

FACULTY; Engineering

DEPARTMENT; Electrical and Electronic Engineering

COURSE NAME; Masters of Science in Electrical and Electronic Engineering

TITLE OF WORK; SHORT-TERM WIND-SPEED-TO-WIND-POWER
FORECASTING USING A HYBRID OF PARTICLE SWARM OPTIMIZATION

AND ARTIFICIAL NEURAL NETWORKS

1

2.

| understand what plagiarismis and | am aware of the university policy in this
regard.

| declare that this research is my original work and has not been submitted
elsewhere for examination, award of a degree or publication. Where other
people’s work or my own work has been used, this has properly been
acknowledged and referenced in accordance with the University of Nairobi’s
requirements.

I have not sought or used the services of any professional agenciesto produce this
work

| have not allowed, and shall not alow anyone to copy my work with the intention
of passing it off as his’/her own work

| understand that any false claim in respect of thiswork shall result in disciplinary
action, in accordance with University anti- plagiarism policy

SIGNATURE.........coi i, DATE....o



ACKNOWLEDGEMENT
It is with great pleasure and thanks with a grateful heart for the support received
from the individuals mentioned: Professor Maurice. K. Mangoli, for his support,
supervision and feedback since the beginning of this work. Professor Cyrus
Wekesa for his valuable advice, insights, and support. My parents, whose
encouragement and support have proved invaluable to my academic journey and
finally, the Father Almighty God, Who has given life and health and made all this

possible.



Content

ACKNOWLEDGEMENT ..ottt sttt ssenes iv
LIST OF ABBREVIATION ... ..ottt ettt Vii
LIST OF FIGURES. ...ttt sttt ettt X
F = 3 I 27 N O SR Xiii
(O o 1N It RS 1
INTRODUGCTION ...ttt e et e s e sse e e s e s snre e ensaeesnnees 1
1.1 BACKGrOUNG........oiiiieieieeie ettt sttt sb e enneens 1
1.2. Problem Satement ........coco i 5
RSN 11 (] o 4o o SR PRSURRN 5
I @ o= =SSR 10
1.5. ReSEarCh QUESLIONS........coiuiiiiieeiesieesie ettt 10
1.6. SCOPE OF WOIK ... 11
1.7 CONCIUION ...ttt bbbttt 12
CHAPTER 2 ..ottt sttt nne s 14
LITERATURE REVIEW ...ttt 14
P25 I 1911 oo o 1o o USSR 14
(@0 1 o I SR 25
METHODOLOGY AND DESIGN IMPLEMENTATION ......ccooceiiireereieeenns 25
3L INEFOTUCTION ...ttt bbbt 25
3.2. Wind Forecasting APProaCh ...........ccccveeereeieiee e 26
3.3. Time scales classification for different forecasting methods....................... 28
34, WiINd TUIDINES ..ot e 30
3.5. Wind Farm Power ProdUCLION...........ccoeiiiierinienee e 35
3.6. Statistical Analysis: for Wind Speed Distribution Functions...................... 42
3.7. Artificia Intelligent Algorithms for time series prediction systems ........... 46
3.8. PSO algOrthm......ccueiieiiieeeeee et 57
3.9. Neural network (NN) pseudo COE .........coveriinirierieniie e 59
3.10. Predictive Model Design and the Hybrid PSO-NN Prediction Model ...... 61

\



TABLE OF CONTENTS

CASE STUDY; NGONG Il WIND FARM AND DATA ANALYSIS.......cccce.... 67
4.1, INEFOAUCTION ...ttt ettt e e 67
4.2. Plotsand ChartS ANAlYSIS ......cocuveieiiee e eeeeste et eee e e 69
A.3NANE MOE ... e 76
4.4 Cascade feed forward NEt..........ccceeveeiieiee e 81
A5 NarXNE MO ... e 85
4.6 Weibull and Rayleigh distribution functions for Ngong 11 wind farm[55] ...90
4.7 EVAIUBLION ..ot bbbttt 92
4.8 CONCIUSION ...t 9

(@0 1 o I TSP 96

CONCLUSION AND RECOMMENDATION .....cooiiiiririnienieneniesiesie s 96
ST RO Tox 11 o] o TSR 96
5.2 RECOMMENELION: ...ttt 98

e e o L 99

APPENDICES. ...ttt 113
APPENDIX A: TURBINE POWER GENERATION PLOTS, .....c.cccocvvvieenne 113
APPENDIX B: NETWORK ARCHITECTURE CODES............ccccceviieiiienne 121
APPENDIX C: GENERALISED LEAST SQUARE REGRESSORS............. 134
APPENDIX D: DURBIN = WATSON TEST .....cooiiiiiie e evee e 136
APPENDIX E: THE GEOMETRIC LAG.....ci it 137
APPENDIX F: THE POWER LAW EQUATION OF WIND SHEAR........... 138
APPENDIX G: WIND FARM ENERGY YIELD ....cccoovoiriireneneesieeesienne 139
APPENDIX H: WIND FARM PLAT CAPACITY-FACTOR .....ccccvevrernenen. 140
APPENDIX I: PERFORMANCE METRICS. ......c.coiiirene e, 141

Vi



LIST OF ABBREVIATION

ADALINE Adaptive Linear Element Network

AIFNN Annealing Integrated Fuzzy Neural Network
ANFIS Artificial Neural Fuzzy Inference System
AR Auto-Regressive

ARIMA Autoregressive Integrated Moving Averages
ARTMAP Adaptive Resonance Theory MAP

AWNN Adaptive Wavelet Neural Networks

BMA Bayesian Model Averaging

BNN Back Neural Network

BPNN Back Propagate Neural Network

CF-PSO Constriction Factor Particle Swarm Optimisation
CKD Conditiona Kernel Density

ED Economic Dispatch

EEMD Ensemble Empirical Mode Decomposition
EMD Empirical Decomposition

ERCOT Electric Reliability Council of Texas

ERNN Elman Recurrent Neural Network

EWEA European Wind Energy Association

FA Fuzzy ARTMAP

FCM Fuzzy c-Mean

vii



FF-ANN

FFNN

FL

FNN

GANN

GM

GW

GWEC

HHT-ANN

ICA-NN

IMF

K.E

LM

MA

MAE

MAPE

MLP

MOS

NNWT

NWP

PCA

PSO

Feed Forward-Artificial Neural Network
Feed Forward Neural Networks

Fuzzy Logic

Fuzzy Neura Network

Genetic Artificial Neural Network

Grey Model

Giga Watt

Globa Wind Energy Council

Hilbert Huang Transform Artificial Neural Network
Imperialistic Competitive Algorithm Neural Network
Intrinsic Mode Functions

Kinetic Energy

Levernberg Marquardt

Moving Averages

Mean Absolute Errors

Mean Absolute Percentage Errors
Multi-Layer Perceptrons

Model Output Statistics

Neural Network Wavelet Transform
Numerical Weather Prediction

Principal Component Analysis

Particle Swarm Optimization

viii



Particle Swarm Optimization- Adaptive Neuro-Fuzzy

PSO-ANFIS
Interface
RBF Radial Basis Functions
RMSE Root Mean Square Errors
RNN Recurrent Neural Network
SCADA Supervisory Control and Data Acquisition
SVM State Vector Machines
uc Unit Commitment
VARMA- Vector ARIMA  Generdised AR  Conditional
GARCH Heteroscedastic

WT Wavd et Transforms




LIST OF FIGURES

Figure 3.1: Gamesa G52 wind turbine ..., 31
Figure 3.2:Wind acrosswind turbineblades ...............co o 32
Figure 3.3 ; wind turbine performance CUrveS ............coovvveiieienieeee e een 35
Figure 3.4 Wind power curve of aturbine asillustrated in [71,figure 3] ........... 37
Figure 3.5: wind speed layers at different heights.............cocoovieii e, 40

Figure 3.6: Wind Rose Chart ... .0 42

Figure 3.7: Biological Neuron StruCtUre ..........cooovieiiii i e e 49
Figure 3.8: Artificial neural network architecture................ccccoviiiiieinenns. 51
Figure 3.9: Cartesian Spacefor PSO agentS .........ccovviviiiicne e i e 55
Figure 3.10: Particle swarm optimisation flow algorithm ........................ ... 59
Figure 3.11: Backpropagation neural network algorithm flow chart ................ 60
Figure 3.12: Three stage hybrid predictive models .............cooooviiiniinn . 61
Figure 3.13: Combined Cascade Feedforward NN and PSO Process Flow diagram

for Prediction APPlICaLioN ........cveiie e e e e e e e 64
Figure 4.1: Ngong’ Il wind farm turbines ...........ccovie i 68
Figure 4.2: Normal distribution curve for wind speed[53] ..........c.ocoveiinnnnn. 70

Figure 4.3: power curve verses wind speed distribution ......................ol 71
Figure 4.4: Gamesa G52 POWEN CUIVE ........uune it iinetee et e eeete et eaeaennennns 72
Figure 4.5: cumulated wind power CONtribution ............coceveevenieenenceceeres e 73

Figure 4.6: Mean Monthly windspeed .............cccoo i viiiiiiiiiiiceee e 14

Figure 4.7: Mean monthly generated POWEr .........covviiiiiiiiiiiiii e, 74
Figure 4.8: Daily wind generated for March ...............coooi i, 75
Figure 4.9: Wind power generated for June ..........ccovvvveiie e e i e 76



Figure 4.10:Narnet ArChiteCture ..........ouvieiieiie it e e 77

Figure 4.11: Narnet network performance ...........ocovee i i i i 78
Figure 4.12: Network error histogram ...........ccoooiieieiie i e e e ie e, 79
Figure 4.13: Network error 1 autocorrelation .............ccovevieiieveciiieienen, 80
Figure 4.14: Network regreSSIONS ... ...ue et ie v e e e e e e eeaens 81
Figure 4.15: cascadefeedforward network architecture ................oocooienis 82
Figure 4.16: PSO Iteration graph .......cc.vevvieiieie e e e e e e e 82
Figure 4.17: Cascadefeedforward network performance ................oooeeiiinenn, 83
Figure4.18: Cascadefeedforward network regression ..........cc.veevevivenvenennns 84
Figure 4.19: Cascadefeedforward network error histogram ...................cooeeees 84
Figure 4.20: Narxnet open loop network architecture ..., 85
Figure 4.21: Narxnet closed loop network architecture ................cccecevevnenen. 85
Figure 4.22: Narxnet network performance ..........c.ccovviiiiiiii i i e v 86
Figure 4.23: Narxnet error histogram .........cc.eeieiiiieiie i e e e e 87

Figure 4.24: Narxnet network regreSSion ..........ccovvevveeieiinieinvenieiieenne 87

Figure 4.25: Narxnet network autocorrelation error ..........cocvevveiieiiiininnennn. 88
Figure 4.26: Closed loop narxnet predicted wind speeds .............oovvveiennnn. 89
Figure 4.27: Narxnet closed loop predicted wind power .............coceveiennnnn, 90
Figure A.1: Turbine AGOL1 power generated ..........coevvvevnein i ieiieieennas 113
Figure A.2: Turbine AGO2 power generated...........o.evvvviieiieiie e e ieieenn, 113
Figure A.3: Turbine AGO3 power generated ..........cccvvvvieveviiieiieineeenn, 114
Figure A.4: Turbine AGO4 power generated ..........o.vvvvevievneviiiieieneeene 114
Figure A.5: Turbine AGO5 power generated ..........ccovvevveiieieeeenvinienenn, 115

Xi



Figure A.6: Turbine AGO6 power generated ..........cocvevvveviiiiieiie e, 115

Figure A.7: Turbine AGO7 power generated ..........coeveevvvievneeneenniennennn. 116
Figure A.8: Turbine AGO8 power generated ..........cc.vvvvvvieieineinnieniennnn. 116
Figure A.9: Turbine AG09 power generated ..........ccovvvevne i viieiieenen, 117
Figure A.10: Turbine AG10 power generated ..........c.coovviviveiieiie e ennn, 117
Figure A.11: Turbine AG11 power generated ..........coceveieniieiieiieeneennnn. 118
Figure A.12: Turbine AG12 power generated ..........cccooveiiiieiie e eneennn, 118
Figure A.13: Turbine AG13 power generated ...........c.cooveiiriieieiieeneennn. 119
Figure A.14: Turbine AG14 power generated ..........cccovveiiieiieiieeneennn, 119
Figure A.15: Turbine AG15 power generated ..........cocoovviieie e eneennn, 120
Figure A.16: Turbine AG16 power generated ..........cccooveiiiieineiie e ennnn, 120

Xii



ABSTRACT
Renewable energy has gained momentum over the last decade, with wind power
technology leading by the number of projects implemented worldwide and
academia as research[1]. Worldwide the growth of wind energy generation[2] has
increased tremendously over the last 10 years, for instance, in 2000, installed
capacity was 60GW and in 2010 it was 160GW. Furthermore, by 2015 the total

global installation to 433GW.

With that kind of growth, energy sector professionals have had to keep pace
finding better, reliable and efficient ways in the management of wind power farms
and turbine designs that are cost effective. Numerical Weather Prediction
software’s (NWP) systems and meteorological tools are too expensive to acquire
and maintain, therefore, these constraints have necessitated the development of
accurate prediction system that are simple, fast and cheaper that can be used by
system planners, power regulatory experts and the academic community through

research.

Short term wind speed to wind-power predicting model is the main object for this
research , the model will be optimized using a hybrid of particle swam
optimization (PSO) and neural networks. Matlab modeling environment has been

used extensively in this research work.
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The hybrid prediction model performance will be evaluated, see chapter 4 and
obtained the following values, using the mean square errors (MSE) of 0.26, the

mean average error(MAE) of 0.62 and the mean average percentage error(MAPE)

of 18.2.
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CHAPTER 1

INTRODUCTION

1.1. Background
Power and energy from either steam or horses was the main ingredient that

propelled industrial revolutions in the 18" and 21% century. Modern methods of
energy production being developed today lay a strong emphasis on Energy

Efficient Designs and Environmental Conscience Power Generation.

Conventional sources of energy faces lots of challenges one being the cost of ail
which is constantly increasing, making oil as a source of generation expensive
especialy when thermal sources are used in generating power, more still, the ail

reserves are getting depleted more rapidly than earlier predicted

Green energy systems have been given attention in research and a huge number of
green energy projects are being funded as seen through the wind power and
electric vehicles projects. Wind energy is unpredictable in nature, this means that
its applications are limited to the when and where the prevailing winds will be
experienced. The development of wind power forecasting techniques and research
has borne a center stage as per the following aspects of grid operations reliability,
stability, power planning, maintenance, economic load dispatch and generator

scheduling of the conventional energy sources, wind power integration to the
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traditional power gridg3] combined economic dispatch hybrid systems (wind-
diesel hybrid) together with storage systems like pumped hydro to cut down
running or operating cost by eliminating huge diesel generator loads. Properly
designed wind power plants can be utilized to supply short interval power demand.
For this to be achieved, forecasting as a tool can be used in power planning and

scheduling of demand(load)[4].

Globa warming from fossil fuel for instance oil, coa and natural gas used in
various processes including the production of electrical power, has pioneered the
birth of green energy research in better and cleaner energy sources [5][6] [7].
Hence, wind power has become a favorable area of energy research especialy

stabilizing wind power systems and the turbine blade design [8].

The electrical power consumers of today’s modern world has grown to expect
reliable and quality power at al times. While the conventional power generation
still provide base load supply they are over-subsidized, expensive, the grid
networks are ancient and are exhaustible, which leads to renewable energy being
looked a as the cleaner and affordable alternative. Wind-speed-to-power
forecasting, is therefore, an important area of interest in setting up wind power
projects in a country especially for scheduling, dispatch and reserve allocations

can be performed easily planned , like the European wind power development
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project; A.N.E.M.O.S as abbreviated as ( A NExt generation wind resource
forecasting systeM for the large scale integration of Onshore and off Shore wind

farms) [9].

Wind power is purely dependent on the prevailing wind flow, and since most
modern power grids are a variation of hybrid systems/micro grids, the
intermittency of wind can affect the grid negatively by limiting the total wind
power being dispatched to the grid and total wind plant capacity [10]. Developing
countries, energy is ever on an ever increasing demand, therefore, wind energy can
be being pursued as an aternative power source though the ratio or the percentage
of wind to other energy sources has to be checked. For instance the Greek island of
Crete(20% to 40%) has high penetration of wind power and unpredicted changes
can affect reliability and reduction in the operating economy[11]. Power operators
hence to cover for the unexpected changes in speed, they maintain a huge spinning

reserve[12].

Modern wind power plants are huge; requiring large pieces of land for both
onshore and offshore wind farm, long and complex design stages, lack of
standardization, erratic wind flow patterns, wind farm sites are often in remote
places and huge farms require expansive pieces of land. The mechanica

anemometer on the nacelle, is also a source of error in wind speed measurement.
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These anemometers have calibration issues, measurement accuracy and raise the
initial cost of the generation system, need to replace the mechanical speed
measurement system with wind speed estimators designed on the turbine
characteristics and data loggers which will provide reliable data that is used in the

wind farm management and wind power planning.

Apart from these, there are severa factors and challenges for an efficient hybrid
power grid system before integrating into the generation mix, power system and

dispatch planners look into the following challenges mentioned[13]:

(1) Wind power farm/plant capacities and energy balance management for short-
term prediction of wind power, load profile management, energy

storage/reserves, and system optimization.

(i) Existing power grid network with special attention to: optimizing the present
power network infrastructure, extensions and reinforcements, improving the
grid interconnection or coupling points.

(iii)Grid-tied coupling connection and wind power integration, power quality and
wind power plant/farm capacity while observing the grid codes.

(iv) For developed countries, market redesigns issues. market aggregation or the

adapted market for power trading and spot market.



Therefore, this thesis and works recorded gives a development journey of asimple,
wind-speed-to-wind-power prediction algorithm that works from a hybrid of
Particle Swarm Optimisation and a cascade of Artificial Neural Networks. This
hybrid model works on the scientific works illustrated from numerous research
from various authors and numerical models like autoregressive integrated moving

averages.

The Ngong’ Hills wind farm by Kengen, is used as a case study it has atotal of 31
turbines with only 16 Gamesa V52 being utilised as wind speed and wind power

data was avaible, they have a generation capacity of 1.36MW of power.

1.2. Problem Statement
Different prediction models have various requirements, for instance Numerical
weather prediction algorithms, require huge computing abilities as they have a lot
of parameters to be considered, and aso need huge financia backing to develop
them. Other models that are simpler to develop are not so accurate themselves
especially when considering longer forecasting horizons. Therefore, there is a big
gap in finding an algorithm that is not only simple and less complex but designed

to achieve an improved forecasting accuracy.

1.3. Justification
Unpredictable wind patterns increases the cost of wind power generation affecting

the spinning reserves allocation, large ramp moments and other potential factors



that influence the reliability of wind and stability of a power grid, hence, wind
forecasts have become vital parameters for effective grid management with high

wind penetrations (>5%).

Forecasting wind power dispatch, and the accuracy of the forecasting technique is
an ongoing research problem [14] and severa institutions are researching on
different models for wind power prediction. Basin Electric Cooperative, has
experienced poor forecasts where next hour generation forecasts errors are more
than 50%[15]. Accurate wind power predictions has become an important power
planning tool in regulating generation of power, scheduling and unit commitment
of both conventional and nonconventional power sources as discussed in [16][17]
for different forecast horizons example the short term horizon, that is forecasting

for a period between 30 minutes to 360 minutes ahead.

Wind power integration into the grid is made possible through forecasting, the
design and implementation of an efficient short term wind prediction for both wind

speed and power will aid in planning both current and future renewable energies.

Globally, wind potential is huge as a power source that is competitive, both

reducing the unit cost of energy and reduction of green gases. The Kenyan



government has made tremendous power plans and is in the process of changing
the base load power source from hydro to geothermal, wind and solar have been
identified as vital sources of clean electrical energy, just as well, the first wind
power was installed at Ngong Hills while, larger wind farms are being constructed
in Turkana and Naivasha. Kipeto wind energy project aready completed at

Kajiado county, will also benefit especially in short term power forecasting[18].

Kenya has wind energy potential of 346 W/m2 with speeds of over 5.9 m/s in
certain areas such as Kgiado, Marsabit, Meru, Laikipia, and Turkana Counties
where wind power can be or is currently being explored as energy source for the

future.

The current installed electricity generation from wind is 25.7MW developed at
Ngong' Hills, a project undertaken by the Kenya Electricity Generating Company
(KenGen) and a further 300 MW completed at Lake Turkana , by the Lake

Turkana Wind Development company.

The following wind projects are currently under construction or in their
completion phase that will benefit from this research.

(i) 13.6 MW Ngong’ phase Il wind farm,

(ii) 200MW Kipeto (Ngong’) wind power

(111)6.8MW Ngong’ phase Il wind farm,

(iv)100MW Isiolo wind farm



On the operational aspect of wind farms, the voltages and current profiles plus the
frequency component on the generated values have erratic profiles which might
introduce harmonics into the grid, interfere with the voltage levels due to
variability of wind sources, again, turbine curtailment, this is the stalling/stopping
of the turbine blades due to excess wind flow, is a major issue as it limits the

aggregated power output from the farm.

With this kind of development in the country, accuracy in data logging for
prediction becomes a fundamental requirement at project feasibility studies and
consideration, later on, when the project is implemented, wind speed data is
managed, several; authors have proposed wind speed estimation approaches that
are used to create prediction models are given below [18];

(i) Equation for wind power relies on the wind turbine power coefficient of
performance function Cp(4) and tip speed ratio, that are used to model higher
order polynomials and the power coefficient is used to estimate the accuracy of
the model, but the procedure requires real time calculation of the polynomial
roots.

(i1) Look up table, requires externa memory for accurate estimation, also, the

execution time and accuracy depends on the size of the lookup table[19].



By now, the importance of intermediate and short-term wind forecasting should be
clear and the complexity of such models, therefore, this has a created a gap in that

cheaper and faster prediction techniques should

Artificial intelligence (Al) through efficient deep learning neural networks will
play a mgjor part in developing and designing faster predicting models that use

fewer resources and designed for each specific need and time scale.

Prediction modeling is mostly based on historicaly recorded data and of
importance is the wind speed and power, the data is used to develop algorithms on
the given data set for analysis, assuming weather parameters like temperature,
direction , air density are constant, this technique maintains speed and power of
wind as base data for designing the model, this ssimplification is advantageous in
that it reduces the development time since the prediction models are now simpler

to design and highly accurate as the parameters are | ess.

Hybrid methods provided a promising gateway to improve speed of prediction and
accuracy for the forecasted values, the hybrid model developed can me designed to
be more efficient with a better improved accuracy by combining several artificial

intelligence (Al) models for the forecasting engine.



1.4. Objectives
The objective here is to design a forecasting model by combining two algorithms
particle swam optimization (PSO) and Artificial Neural Networks, the algorithm
will predict wind values, that is wind speed and the wind speed will be converted

to wind power for short term horizon [20]

The specific objectives are;

(1) To formulate a wind energy prediction technique based on Artificial

Intelligence and statistical hybrid models.

(i)  To develop a forecasting engine based on the formulated prediction

technique and cost function.

(i)  To evaluate the forecasting technigque performance and compare with other
models consider J. P. S. Catalao, H. M. |. Pousinho, and V. M. F. Mendes
through their work in intelligent hybrid short term forecasting in Portugal

obtained average MAPE of 5.99%][21].

1.5. Resear ch questions
1) How can a hybridized network of nonlinear autoregressive neural networks
and particle swarm optimization with statistical techniques models be
combined to formulate awind energy prediction technique?
i) How will the forecasting engine be developed and integrate with the other

techniques for the hybrid model proposed?
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iii) How will the proposed model fair in comparison to the models currently being

used?

1.6. Scope of work
Modern design of predictive architecture combines several aspects and parameters
of the real world physical system. In forecasting, lots of historical data has to be
processed and analyzed in order to design aforecasting engine or any other system
that closely follows areal world problem and hence, the accuracy of the devel oped
model is vital and therefore, a forecasting engine is optimized to reduce the

prediction error.

Nonlinear neural networks was utilized to establish the moving average error
between forecast and the actual data, the neural weights continuously optimized by

aparticle swarm agorithm in the following way:

i) Given that the Ngong’ 1l wind farm has 16 , Gamesa G52 wind turbines, an
aggregated average of the wind speeds is first determined and stored in an

exce file.

i) The datais then clustered into training, test and the validation data and fed

into anonlinear autoregressive net (narnet) at the input stage:

a) At thisstage, a nonlinear neural network (narnet) is implemented to

do aninitial regression of the test data.

11



b) A cascadefeedforward neural-network is used to give a linear
output of values from the first stage (a) above and target values.
Here, the cascade feed forward net, its weights are optimized by the

PSO agorithm.

c) Finaly, the output stage which is composed of a closed-loop model,
which is a nonlinear autoregressive neural network with externa

inputs (narxnet) is used to predict up to 2 hours.

d) The simulated wind speed data values are then converted to an

equivalent aggregated mean wind power expected.

1.7 Concluion
Though most research in the country focus on the wind profiles and anticipated
wind power potential, none has focused on wind power forecasting as a tool to
explore the future wind farm capacity upon completion of the wind power project

at agiven site.

The running and efficient management of wind farms in Kenya will benefit from
this research work especialy in scheduling and dispatching generating systems ,

power system planning and maintenance of the grid network.

12



Raw aggregated wind data for the model was retrieved from the Ngong |1 wind
farm , therefore, parameters like wind direction, site humidity or temperature are
assumed constant for an easier and since simplicity of the model is paramount and

therefore, we are not able to evaluate how these parameters affect the overal

performance of the hybrid model.
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CHAPTER 2:

LITERATURE REVIEW

2.1. Introduction
Power generated from the wind turbine, has to be integrated into the grid network.
This if not carefully done will pose many challenges in terms of planning and
power dispatch as to system stability has to take center stage and again accurate
wind power forecasting is the biggest concern[22]. More so, the unpredictable
wind patterns affects how much wind power is injected into the power grid, hence
a probability model can be designed that caters for the intermittency or a statistical

analysis as presented in [10].

Given that wind energy is erratic in nature asillustrated in [23] the accuracy of the
forecasting model is desirable since wind prediction modelling is inherently
complex and its flow is not easily predictable, the authors, proposed a hybrid
Gaussian process with a numerical weather prediction for a day ahead prediction,
performance evaluation and comparisons are made with the performance of
artificial neural networks (ANN) using mean absolute error (MAE) as a metric for

accuracy measurement.
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This chapter introduces several works from other authors who have researched

wind prediction using either speed or power or both to develop their models.

.Persistent models assume that prevailing weather conditions will persist into the
next moment, therefore, this model suffers bias and is not accurate for longer

forecasting horizons.

Physical models uses weather parameters and considers the topography of the area
to predict, requires lots of data and complex to develop, but accurate for day ahead

predictions.

Statistical models focuses on the dependency of forested data and the original data,
statistical methods are used for these, like mean, correlations etc., this model uses

time series based data or the neural network modelsin its design.

Hybrid models tries to combine several models to come up with a unique
parameterized model for forecasting, the design utilizes the strengths of the models
used while a the same time eliminating the shortfalls of each through

compensation.
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Spatial relation models tries to model through generalities such as, weather
patterns between two closely located regions will be similar and as such,

prediction in one site can be used on the other.

Artificial Intelligent models are designed to emulate human brain functions and
are considered to be more versatile, since these models learns from the data
presented and tries to make predictions based on the parameters designed into the

moddl itself.
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Table2.1: Literature Review and related works

Per sistence and probability Models

No.

Author

Contribution

T. Al Awami and M. a.
El Sharkawi [10]

Proposed a model based on statistics and utilizing
wind using a conditional probability density function,
Beta and Extreme value, verifies that extreme value
function outperforms the Beta function at high wind
power forecasts while Beta functions perform better at
moderate forecasts ( 6hours to 24 hours window).
Persistence model is used for hourly wind predictions...

J. Juban, N. Siebert and
G. N. Kariniotakis [23]

Proposed a probability prediction technique based on
kalman filtering density estimation.
This model performs equally aswell as the persistence.

T. S. Nielsen, A.
Joensen, H. Madsen,
L. Landberg, and G.

Giebel [24]

Developed amodel based on probability and
statistics, the model was used for predicting wind
power values for up to afew hours.

Bri-Mathias Hodge and
Michael Milligan [25]

Analyses the statistical distribution of the persistence
error model distribution for 10 wind power plantsin
ERCOT, proposes a Cauchy distribution to model the
distribution for forecast errors, and obtains the
difference in confidence using Cauchy and normal
distributions for comparison.

Sideratos, G. and
Hatziargyriou, N.D.[26]

Presented a probability based wind power forecasting
model using radial basis function (RBF) neural
networks, it worked by predicting a set of quartiles
with predefined nominal probabilities.

J. P. Palutikof [27]

Presented a methods to cal culate extreme wind speeds,
he used a classical methods are reviewed based on
generalized extreme wind values,(GEVW) distribution
and the generalized pareto distribution(GPD).
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Physical Models

Niya Chen, Zheng Qian,
Nabney, I.T. and
Xiaofeng Meng, [22]

Combined a Gaussian Process as a probabilistic
component to the numerical weather prediction (NWP),
the NWP was used for prediction of upto 1 day ahead.
The method showed an improvement in performance of
9% to 14% to ANN mode.

R. J. Bessa, V.
Miranda, A. Botterud,
and J. Wang[24]

Used a kernel based model based with the Nadaya
Watson Estimator to evaluate two wind farms, the
performance of the model is benchmarked against
aspline regression model.

Ghadi, M .J. ,Gilani, S.H.
,Sharifiyan, A. and
Afrakhteh, H.[30]

Presented a new algorithm called the Imperidistic
Competitive Algorithm-Neural Network (ICA-NN)
method, it had a higher predictive accuracy and was
used for short term forecast. Using data from
Numerical Weather Prediction (NWP), the data was
from online SCADA. Environmental factors (i.e. wind
speed, temperature, Humidity, geographical conditions
and other factors) are considered and the neural
networks weight are adjusted using the then,
Imperialist Competitive Algorithm .

Stat

istical and Time Series Models

10

P. Gomes[4]

Presents amodel that uses statistics for wind power and
speed forecasting using Artificial neural networks
(ANN) plus an autoregressive moving averages
(ARMA) model. Statistical modelstry to establish
correlation between in the variables used for
performing estimation; it achieves this through training
and prediction.

11

Bhaskar, K. and Singh,
SN. [29]

Proposed wind power forecasting using statistics
without the use of the numerical weather prediction
(NWP) inputs .The model was designed to have two
stages, stage-1, comprised of a wavelet decomposition
of wind time series data and an adaptive wavelet neura
network (AWNN) that was used to decomposed signal
for 30h ahead prediction, then stage-11, a model
composed of afeed-forward neural network (FFNN)
that was used for mapping the nonlinear wind speed
and wind power output values.
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12

S. Wang, M. E. Baran,
and S. Member [30],

proposed an ARMA model for hourly prediction while
focusing on power system reliability for a 50 unit
power system, to achieve this, he used Monte Carlo
production to simulate the actual system performance
while introducing erratic system behavior.

13

Sideratos, G and
Hatziargyriou N.D. [31]

Proposed a statistical model with an artificia
intelligence techniques, the wind data values speed and
direction, uniquely the method provided away to
estimate the quality of the meteorological data
forecasts which improved the predictions and gave
forecast of up to 48h.

14

Ozkan, M.B. and
Karagoz, P.[32]

Proposed a hybrid model using statistics to predict
short term wind power forecast of up to 48h ahead.
Here weather events are clustered according to how
important the forecasts are and al so combined power
forecasts from other different NWP sources and create
hybrid final results. It required fewer historical data as
opposed to neural networks (ANN) and support vector
machines (SVM)

15

Junrong Xia, Pan Zhao
and Yiping Dai [33]

Proposed a statistical hybrid model with numerical
intelligence that applied fuzzy logic on neural networks
for the forecasting architecture for aforecast of up to
36 hours at every half hour intervals with areference
point of wind.

16

Skittides[34]

Developed a statistical model based on the Principa
Component Analysis (PCA). This model was used to
give forecasts of wind data, speed, from an ensemble of
similar events from the past. This model was used for
predictions of up to 24h ahead and had better
performance over the persistence model for forecasting
up to 10 hours ahead.

17

Rachel Baile[35]

Proposed an autoregressive (AR) seasonal model using
multi-fractal fluctuations, which could predict wind
speed data up to 2-days ahead, the performance of the
model showed an improvement over the standard
models.

18

Jeon Jooyoung [36]

Modeled wind power into wind speed and direction
with focus on intra-day prediction between lhour to 72
hours ahead. The approach used a bivariate V ector
ARMA generalized AR conditional heteroscedastic.
Then a Conditional Kernel Density is used for
modelling wind data values, speed, power and
direction.
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19

Guglielmo D’Amico

[37]

Developed a non-parametric approach to predict wind
speeds based on semi-markov chain model that could
be reproduced as the statistical nature of wind speed
accurately, the developed model is compared to the
persistence model.

20

George Sideratos [38]

The method devel oped depends on artificial
intelligence, inputs are wind speeds and direction
interpolated at wind farms, after apreliminary
prediction, the method then gives an estimation on
the quality of meteorological prediction and it
improves the predictions. It can predict up to
48hours ahead for wind farm operatorsin the
electricity market.

21

Y. Min, W. Bin, Z.
Liang-ii, and C. Xi [39].

Proposes an Ensemble Empirical Mode Decomposition
and autoregressive integrated moving avarages
(ARIMA) model that was used to estimate the wind
characteristics. The wind speed time seriesis broken
into Intrinsic Mode Functions and a singular residual
series using the EEMD, the final predicted seriesisthe
summed up from the individual IMF and the residue
component. They managed to achieve better result
using this technique than using EMD-ARIMA model
or the ARMA model.

22

X. Han, X. Zhang, F.
Chen, Z. Song, and C.
Wang [40].

Looked at the wind time series as a frequency
component and used the wavel et theory to separate the
datainto low and high frequency sections. Then
ARMA isused to forecast the high frequency sectors
while |east square support vector machine (LS-SVM) is
used to predict the low frequency parts

Spatial correlation

23

|.G Damousiset a [11]

Developed afuzzy logic model that picked wind data
values of speed and direction and trained by a genetic
algorithm, the data from various stations | ocated
around the wind park and turbines. Then an
autocorrelation and cross correlation functions were
used to measure the improvement and the efficiency of
the local and remote wind speed time series.

24

Y. Han and L. Chang
[12]

They analysed the prediction accuracy of the forecast
error from adistributed wind farm in the maritime
Canada. The winds sites data considered are then
aggregated as forecast error versus single wind farms; a
spatial correlation function is developed to calculate an
ensemble of wind forecast errors.
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25

M. Khalidand A. V.
Savkin [41]

Presented an alternative approach of improving short
term prediction by proposing a model that extracts
information from awind site turbines and a so from
distributed observation points in the Australian wind
farm. The model is atwo stage model where wind
speed is predicted using the model and then the dataiis
converted to power by use of power curve model. The
developed model performance is benchmarked with the
persistence and grey predictor model with the mean
absolute error and root mean square as the performance
metrics.

26

L. Soder [42]

Presented a multidimensional ARMA series wind
power forecasting technique, data from several regions
is assumed to be correlated in terms of the forecast
errors for wind speeds.

27

L. Xieet d [43]

Proposed a statistical model for spatio-temporal
forecast correlation between wind speed and direction
of siteslocated at different points, wind datais from
Texas, improves the model by considering an advanced
robust with look ahead capabilities, it istried on a
modified IEEE RTS 24 bus system

Artificial intelligence

28

S. Sarohaand S. K.
Aggarwal[7]

Presented atime series multi-step Neural Network of
neural networks and feedforward net optimised by a
genetic algorithm(GA), trained using the Levenberg-
Marquardt algorithm. The mean average error (MAE)
and the mean average percentage error ( MAPE) are
used the performance metrics indicators. The model
performance is benchmarked with the persistence
model, GANN based models show better results using
MAE and MAPE as benchmarking indicator against
FFNN.based models

29

Thanasis G. Barbouni set
al[44]

Presented an Al model to power generated from the
wind turbines and information used for long term wind
farm management of spinning reserves and economic
scheduling..
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30

Adnan Anwar [45]

Developed a Particle Swarm Optimization with a
constriction factor parameter model (CF-PSO) tthat
could optimally determine the parameters of an
autoregressive (AR) model to achieve accurate
predictions. The method is benchmarked with three
models Forward-Backward approach, Geometric lattice
approach, Least Squares approach and Y ule-Walker
approach, these models worked on error minimization
of the AR model.

31

Andrew kusiak [46]

Proposed a method utilizing data from different
timescal es and forecast horizons, it was used for
wind prediction of short and long term power.

32

X. Wu, B. Hong, X.
Peng, and F. Wen [47]

Proposes aradia basis function (RBF) for short term
prediction for upto an hour, this method had a superior
evaluation of linear and nonlinear algorithms and faster
convergence of results. The input values included wind
speed, environmental temperature and power
generation.

Hybrid Approach

33

F. Keynia, N. Amjady
and H. Zareipour [14]

Proposed a model that applies afilter on irrelevancy
and aredundancy to a set of candidate inputs, the
model used an optimized predictive engine that worked
with an enhanced and modified particle swarm
optimisation (EPSO) plus a hybrid neural network.
Datais provided by the wind power producersin
Alberta, Oklahoma and Canada , the model showed a
considerable efficiency as compared to other
techniques.

R. Ak, V. Vitdli, E. Zio,
and S. Member [48]

This model used a multilayer neural network that is
trained to identify and group interval-based outputs, the
neural network is trained by a genetic algorithm for
optimised prediction accuracy. This approach shows a
significant improvement over the single-valued, crisp
method.

35

P. K. Panigrahi, S.
Mukhopadhyay ,A.
Mitra, and P.
Bhattacharya, [49]

They combined two methods wind values
prediction,speed and wind power generation
forecasting using a Discrete Hilbert Transform as a
filter to characterize and forecast wind speed while a
specia neura network variant called radial basis
function (RBF) converted the speed to power
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36

J. Shi, W. Lee, U. S A.
Tx, and P. Wang [50]

proposed a HHT which is an adaptive analytical
method used in avariety of data having both nonlinear
and non-stationary dimensions, the model has an EMD
and the HSA and is used extensively in geographical
studies. Treats wind power output as signals with
characteristics that can be forecasted just like wind.
Thetime series of wind istaken separated into various
frequencies, then using the signal as data input and it’s
joined with the wind velocity datato the ANN model.
The HHT- ANN forecasting model is applied to awind
farmin Texas.

37

Michael Negnevitsky
[51]

Developed an ANFIS system to predict future
power generation for wind power from wind
turbines, the developed system is for short term
wind whileit is evaluated with the persistence
model.

38

Peter Johnson [52]

Proposed a hybrid model using fuzzy logic and
artificial neural networks (ANN) in a hybrid
model called ANFIS to predict very short term
wind speed on frame of up to 2.5 minutes ahead.

39

Cameron W. Potter
[S3]

Developed an ANFIS system to predict wind
vector rather than speed or power since wind
turbines are directed towards oncoming wind, the
system is used for very short term wind prediction.

40

Sivanagargja Tatinati
[54]

Proposed an adaptive model with Intrinsic Mode
Functions (IMFs) utilizing empirical
decomposition. In the model, IMFs and Least-
Square-SVMs are used for IMFs with weak
correlations, further, autoregressive models with
Kaman filter were used with IMFs with high
correlation factor, the model devel oped was called
(hybrid EMD-LS-SVM-AR mode!).

41

Hague, A.U. Nehrir,
M.H and Mandal ,P[56]

Developed a hybrid model that used probability and
wavelet transform with fuzzy ARTMAP (FA) network.
Firefly (FF) algorithm was used as the optimizing
algorithm. It used wind power datafrom awind farm
in, Colorado called Cedar Creek

42

Hague, A.U., mandal,
P.,Nehrir, H.M and
Bhuiya, [57]

Proposed a hybrid model from techniquesin signal
processing, artificia intelligence Al, and data mining.
The signal processing aspect was used to filter out
intermittent wind power time series data.
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Jie Shi ,Zhaohao Ding,
43 Wei-Jen Lee and
Yongping Yang [58]

Proposed a model that combined GRA and wind speed
distribution. Weights for each independent model was
determined by considering different wind speed
subsection and frequency and could give prediction of
up to 15 minutes

L. Ran, KeYong-Qin
and Z. Xiao-Qian [59]

Proposed a technique combining least squares (LS) and
support vector machines (SVM) to improve prediction
accuracy for short term wind velocity. The genetic
algorithm in this model was used as the optimal
parameter regularization selector for the LS-SVM
kernel sigma.

J. Shi and Wen -Jen Lee

proposes aweighed parallel forecasting algorithm for
an improved short term prediction accuracy, the model
operates by adjusting and increasing the performance

46 [60] sections of several models. The author compares the
model with a SVM and ANN while using the mean
relative errors as the performance metric.

Conclusion

Different models for forecasting have been looked at in this chapter, it is evident that the
more complex amodel is, the more accurate it can be, thisisin the case of physical
models especially the Numerical Weather Prediction models, thisis mainly due to the
fact that, it combines different parameters of the weather e.g., wind pressure,
temperature, humidity, speed etc. and at the same time considers the topography.
Physical models, are therefore, a more expensive and complex model of prediction, the
other models discussed suffer accuracy limitations even though they might be simpler to

design and use.
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CHAPTER 3:

METHODOLOGY AND DESIGN IMPLEMENTATION

3.1. Introduction
Wind turbines generate power when wind cuts across the wind turbine blades; the
blades are subjected to a force and hence turn in a given direction which could be
clockwise or anticlockwise. Wind velocity characteristic determination is the
initial consideration in designing a predictive system or in other words, it is the
time series that is measured and converted into electrica power by a mechanical
turbine. This chapter models wind turbines structure, wind speed data processing,

nonlinear autoregressive models and the hybrid techniques predictive model.

Wind speed probability densities are used to simulate the variability nature of wind
occurrences in nature; these models are discussed together with their basic
functional equations in the preceding chapter. Algorithms discussed in this chapter
outline the structure of Non-Linear Auto-Regressive Neural Networks (Narnet)
and Cascade Feedforward - Particle Swarm Optimization (PSO) Forecasting

modd!.
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3.2. Wind Forecasting Approach
Currently, researchers are looking into grid stability with higher wind power
penetrations. Accurate wind forecasting has been identified as an important area of
both speed and power, the data is used for scheduling, capacity evaluation and

determination of power costs e.g. tariffs

Wind forecasting and load forecasting alows wind turbine connection and
disconnection scheduling with the conventional generators hence achieving low
spinning reserve requirement and minimizing or maintain an optimal operating

cost.

To design wind power forecasting models, two main approaches exist, either the
single-steps or the severa steps ahead wind power prediction[7]. Single step
(deterministic, spot or point forecast) produce single forecast for each horizon as

opposed to multi step that produce several time horizons.

All the forecasting models, statistical approach are the most promising since they
can be simple in design though require a huge amount of information to be

processed and analysed [25].
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Wind power forecasting will bridge the gap for power system operators and
generating companies in scheduling wind power to the general grid[25], areas in
reserve reguirements, unit commitment, generator scheduling and load
management will directly benefit from the efforts carried out in developing

efficient forecasting techniques.

Two major classifications, the physica models and the statistical models [26],
broadly stated, the physical approach considers the physical layout like terrain,
layout of the wind farm and temperate conditions and utilizes NWP models using
a mathematical model of the atmosphere [27]. The statistical approach uses
historical wind speed or power data [7][28] and is mainly used for short term

predictions as it is more accurate than the physical models.

Physical techniques use meteorological and topological information as explained
above but can also include the technical parameters of the wind turbine, this
method utilizes the model output statistics (MOS) to estimate the local wind and

to reduce prediction error, [29].

Wind power prediction modelling is dependent on data collection and data

processing/ analysis, wind data collection is obtaining the actual wind speed data
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from field measuring devices such as anemometers and transmitted to central
processing units in a remote location. Wind speed is then processed and the

information utilized to make decisions including prediction.

The following listed data processing models, are the main numerical data
processing models as given in [30]. Which are highlighted bel ow:

i) Physical datadesign

i) Statistics and numerical design

iii) Wind farm data design.

iv) Prediction data design for ensemble mode!.

3.3. Time scales classification for different forecasting methods
Since wind is a function of time, measured data from the site/farm can be
processed according to the application and the desired accuracy. For instance, one
might consider the hourly speed measurement, daily or weekly speeds. Then the
data can be used for forecasting for different time scales and applications[31].
Wind data for speed and power are clustered into 4 main forecasting horizons,

these are;

1) Very-short term wind speed or wind power forecasts: from a few second to 30
min, used in regulatory functions.
i) Short-term wind speed or wind power forecasts. from 30 min to 6 hours, for

ELD and load adjustment i.e. increase or decrease decisions.
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iii) Medium-term wind speed or wind power: with a forecast horizon of a 6h to 1
day, for scheduling generators online and operational

iv) Long-term wind speed or wind power forecasts. with horizon of a 1-day to a
week or more, used in U.C, spinning-reserve requirements and determination

as well as scheduling maintenance to obtain the optimal operating cost.

Wind is stochastic in nature and hence accurate methods of forecasting are vitd
for maintenance scheduling, integration into the grid [26] The unpredictable nature
of wind makes it practically unusable in so many ways, but by developing ways to
be able to forecast this nature, the information can assist power system planners,
developers and maintainers in wind power integration to the grid network, real
time monitoring grid operations and control, grid network interconnection, power
system voltage and frequency control, transmission capacity and expansion,
integrity of the power grid system which include the power supply chain,

generation, transmission and distribution and reduction of GHG emissions.

The power system requires a stable grid which is the main focus of the system
operator, but a grid sustaining high penetration of wind is may experience reduced
system reliability[32], since wind energy is uncertain and the systems currently
online or connected to the system are fossil based, therefore, times when wind is

unavailable the cost of fuel can be high as reserves have to be fired, system
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designers of wind power with thermal units try to minimize the cost function and
emissions[10]. For achieving proper operation of both the wind turbines and
conventional generators, forecasting has been identified as a tool for reserve
allocation and optimal operating cost more so, for better performance in increasing
the forecasting horizon, both short term and long term forecasts should run side by

side.

Uncertainty of wind is varied and depends on the geographical location and the
time scale, this is a challenge when these systems have to be incorporated to the

grid, maintain the grid stability and balance the demand at the grid.

3.4. Wind Turbines
A wind turbine is the main converter or component that utilizes the strength
existing in wind flow to generate electricity; it has the following components as
shown in Figure 3.1. Different wind turbines have different wind capturing
efficiencies and hence each blade is best suited to operate in specific wind site.
Consider figure 3.3, it shows different turbine blades and their respective

efficiencies.
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Figure 3.1: Gamesa G52 wind turbine (http://www.wind-power-

program.com/Library/Turbine |eaflets/Gamesa/Gamesa G52 850kw.pdf)
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Consider asimpleillustration of power generation from awind turbine, the rotor is
rotated from the upward (A1) side by the wind flowing through the rotor blades, a
difference in pressure is then created between the upwind (A1) and downward
(A2) sides of the blade, this then results into rotational motion of the blades that
turn the mechanical rotor, further wakes, the trail of disturbed wind lift by the

turbine, and flows downward consider Figure 3.2. below

Nownstream wind speed
(Ad)

Upstream wind soeed V2
(Au) V H__ﬁ_____~—“-
1 g S
—— —

A As
Upstrcam - H“‘“-——-_.__,_H__
area(au) e

Area cut by the turbine blade Downstrcam arca

N -

Figure 3.2:Wind across wind turbine blades

From the theory of motion, Kinetic Energy transferred by the wind velocity across
the turbine blades is derived as shown by equation 3.1 and 3.2. the development of

equations [3.1]-[3.15] are discussed in [33].

W =K. Eupstreamw:‘nd — K. E gpwustraamwina (3-1)
W = é * (U3, ving — Vaownwine) (@SSUMINg that the wind mass flow rateis
unity). (3.2)
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Where K.Eupstream = kinetic-energy of wind flow incident or across the wind
turbine blades

K.Edownstream = kinetic energy of wind flow through the turbine blades
Vup_wind = Velocity of thewind flow incident or across the blades
Vdown_wind = Velocity of the wind flow through the blades

Wind turbine Power (P) is the rate of doing work, rate at which energy is
dispensed, where M isthe air mass flow rate, therefore;

-

M 2
b= EN it wind — Vonwrn siind (3.3)

But M isgiven as;

v ~Vup wind tVdown wind
M= pxAx (—= 1 (3.4
Hence,
1 . Arupwind®¥down wind, -, 2 .
B = PRl Ax ( 1 ) *\Vip wind — I"down_wmd] (35)

To obtain the power max the rotors can extract, we have to differentiate with
respect to down word wind, and equate to zero.
Using the principle of chain differentiation rule, and assuming the P (equation 3.3)

IS (y) we obtain:

dy _ 1. .. 2 =3 , .
a8 prax [(vup_twnd - “down_svind)"' (vup_wi nd+ "dmm_wmd) ¥

( —2=vy own_wind)]
(3.6)

3%V down wind ™~ £ * Vdown wind * Vup_wind — Vup wind = U (3.7)

Solving and simplifying;
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3x V down wind ~ Vupwind T 2% Vdoun wind * Vup_wind = 0 (3.8)
- — 1 - —
Vdownwind = Vup_wind 0T Vdown wind = Vup_wind (3.9

Therefore, the maximum power output (Pmax) from the wind turbine will

therefore be as shown by equation 3.10:

1 1 5 1 5
Pyax = 3 EPEA ¥ (.Vup_wind F: 3 ® "'up_wi.nd) ® (v;p_v.'i,nd ~3 ® "rup_wmd) (310)

Prax = % * p* A% ViDL ing (3.11)
Pyax = l_? % (% *p* A% Vioun wind) (3.12)
Pumax = l—f * ProTar (3.13)
C,= M = 2 =0593 (3.14)

PTOTAL 27

Where: ProtaL= (5 * £ * A* Vioun wind) (3.15)

ProraL is the total amount of power contained when the wind flows across the
turbine, while Pmax is the maximum amount of electrical power that can be
extracted by the wind turbine while observing all machine limits of the wind

turbine.

Equation 3.15, is the Betz model and stipulates that the total power (ProraL)
extracted is relies on the cube of the wind velocity and the coefficient of

performance, as given by equation 3.14, states that the maximum amount of power
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extracted can only be 59.3% of total power generated. This is mainly due to the

internal turbine design and power conversion

3.5. Wind Farm Power Production
Wind farm evaluation, the Annual Energy Production (AEP) which is the energy
from the wind turbine considering the total running hours of the turbine, this is
further explained in [65, equation(8)], see equation 3.16 and the appendix G.

The following unction is used to estimate the AEP.

Vo

AEP = Tf Pr(v) f(v)dv

Vei (3.16)
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Figure 3.3 ; wind turbine performance curves
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Performance efficiencies of different turbine blades, see [69, figure 6], these
shows the variation in power generation while considering different blade designs

for the wind turbine.

The Betz model, see equation 3.13, states that the theoretical total power output of
any turbine to its maximum power output is limited to, see 3.14, 59.3%. This is
also the coefficient of performance of though power loss through the turbine
mechanical components and electrical efficiency reduces this power to about

0.35. The manufacturers curves as shown in figure 3.3 are used in determining the

power derived from a particular wind blade type and is useful in relating the most
appropriate wind turbine to a wind site, or can be approximated by equation 3.15

and equation 3.20,[11][35].
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The power equation, as developed can then be plotted for a given turbine to give a

plot as on shown below, figure 3.4. There are four distinct operating regions as

marked, cut-in region, average region, rated region and the cut-out regions. The

power generated closely follows the areas in the curve. They display the portions

where the turbine can effectively generate power at cut-in velocity and the cut-out

velocity points.

/ Typical Power Curve Profile of a Wind Turbine
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Figure 3.4 Wind power curve of aturbine asillustrated in [71,figure 3]

The power curves shown by equations 3.17 to equation 3.19, indicate the different

power generation between the cut-in velocity to the cut-out velocity where the

turbine will seize to operate and stall[37] , equation 3.17 -3.19 are illustrated in

[68, eqnll].

Pwind _gem (VEU =

P

wind_gen

(VED — Prated *(Va— Veut in) For v
(Vrated ~ vtl.lt_i.n]

For v, < v

cut in
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Btnat i 08 = B FOI Viatad = Va < Voutour (3.19)
From equation 3.12, equation, the theoretical power the wind turbine is given by
the following equation 3.20 after substituting equation of an area of a circle and
the coefficient of performance [38], see [68, eqn(2)] for the turbine power equation

asillustrated in equation 3.20.

1
P(v)= —=p=MM=R*=C_(AB) =v*
=3 ? (3.201)

Where;

P. = Rated wind power of the rotor
P = air density

R = radius of the rotor blade

C, = rotor power efficiency

B = tip speed ratio

A = blade pitch angle

M=pi

According to[33], above equation is a theoretical one and the actual wind power

equation deviates from that due to the followings:
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1. Wind speed errors due to measuring instruments
2. Vaiationsin air density
3. Misalignment of yaw and pitch

4. Shading effects and wake effects

Given that wind power and wind speed have a nonlinear relations, Weibull[39][40]
and Rayleigh PDFs have also been captured to show their relation to wind speed
and hence, we can, write the average power by the turbine from the wind speed
probability function of either Weibull or Rayleigh. Hence, in theory expected
power from a turbine can be estimated from the average values of power as given

by equations, 3.21, 3.22 and 3.23.

Average power is given as a probability function as follows:

—_— . ,-_,-.5

P = [[™P(v,) = f(v)dv, = [E5% = f(v,) v, (321)
w A & 23 - A g

P(V) = a f vixf(v, )dv, = pra” 3
2 Jo 2 (3.22)

The value of ﬁ can be determined using the gamma function. The performance
curve can be derived from the coefficient of power and torque, the power
generation of the turbine can then be viewed as a term between the cut-in velocity

and the cut-out velocity leading to formulation of equation 3.23;

VPmax C

F(V) = FrorAnvy e f(v,)dv,
Veut—in (323)
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Simplifying: With V,,, ... asthe subject;
( ZEP . )3 _ gen output
Cp*p*A wind power
Pmax — 1
Zx P, i __ gen input
CpxprArn,, ? ~ Wind power

(3.24)

Given velocity and height where that velocity was measured, an extrapolation of

second pair of velocity can be done using the extrapolation function and scaling as

shown in figure 3.5 and equation 3.24. Therefore, wind shear, which is the time

rate of change in wind speed at different atitudes, it alows the determination of

wind flow profile and measuring of speeds at different heights over the surfacei.e.

coast lines, forests, hills or deserts.
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Figure 3.5: wind speed layers at different heights
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Thisis alogarithmic wind profile due to the unique relationship between the wind

rise and the elevation in alogarithmic pattern, as shown in the figure above.

The following equation is used to determine the wind velocities given a standard

height,

Z = (:—1) (3.25)

Where: a =

roughness fator and gives the state of atmospheric stability

Wind direction can be determined by wind rose, this is a diagram (see figure 3.6)
representing the flow of the wind from various directions. The wind rose chart is
divided in 8, 12 or 16 equal sectors that indicate wind flow from various directions
and angles as shown. The following is the type of information that is contained in

awind rose:

1. Thewind from a certain direction and amount in hours.
2. Thetime percentage of wind velocity from that specific direction.

3. The product of time percentage amount and third power velocity
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(https://www.mathwor ks.com/matlabcentr al/fileexchanqe/47248-wind-r ose)

3.6. Statistical Analysis: for Wind Speed Distribution Functions
A.Bizrah and M. Almuhaini [41] ,developed a wind speed modelling technique
using probability density function, autoregressive moving averages (ARMA) and

Markov-chain with several goodness fit function to check the model suitability .

There are two common wind speed probability density functions, Weibull and the
Rayleigh functions. from the total power across the turbine as given by equation
3.26, the PDFs are used to estimate the wind speeds blowing in a given area, the

unknown two parameters for the probability density functions (PDFs) i.e. shape
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and scale are obtain using the Maximum Likelihood Estimation methods or the
Monte Carlo Methods though, though Maximum Likelihood Estimation technique

isthe best estimator of the Weibull or Rayleigh parameters of scale and shape.

The following equations in this section gives the wind speed PDF used in

modelling and wind power analysis.

1
ProraL = E*‘P*

ZxD?mvd (3.26)

@

3.6.1 Gaussian (Normal) distribution function

fx) = v exp — (o) (3.27)

v 2&m . 2202

Take x = v, and substitute, we obtain a normal distribution function of the

wind speed.

3.6.2 Weibull PDF
The suitability of the developed Weibull see [71, equation (1)]distribution is

dependent on the accuracy of k and c coefficients.

v = 5o (2) 7 vexp (- ()"} (3.28)

Where;

C = scale parameter.

k = shape parameter

If k = 3 it implies a constant and steadier wind profile.

If k = 2, the weibull function changes into a Rayleigh PDF
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k and c are determined from the weighted sum of wind speed over a

few years.

3.6.3 Rayleigh PDF

2« . & TR Z
f(v,) = "y @\ V)

5
e

(3.29)

The Rayleigh and the Welbull functions parameters can be estimated empirically

as agamma function;
3 N
v, = cr (%) (3.30)

Make ‘¢’ the subject of the formula and obtain the following, equation 2.30.

c= Zm (3:31)

¥

The estimated Rayleigh function is then expressed as;
F) = Zeee-G(50)) (332)
The corresponding cumulative density function is also given as;
- nf{V z
F=1-exo-G(;2)) (3.33)

The standard deviation and the energy pattern formula is used to find the shape

and scale parameters, the standard deviation is utilized using the equations;



—1 (3.34)

After solving equation 3.32, scale and shape parameter, (¢ and k), can be derived

using equation 3.35 and 3.36.
c= _T'"m = (335)
I‘i_‘l'i' Py

While ‘k’ is determined as

= (2)—1.090 (3.30)

Vm

The energy pattern is a shown in equation 3.37

_E‘- Iv
Epr = —i El_; ) (3.37)
k = 3.975E7 %% (3.38)

3.6.4 Mean wind speed/velocity
The mean wind velocity from equation 3.28, to find the approximated wind power,

the mean velocity has to be weighted according to its power content, 3.29.

V=32V, (3.39)
o
=33 v (3.40)

m_'\f” i=1 i

45



3.6.5 Standard Deviation
This SD measures inconsistency in wind speed data to determine the deviation
from the average velocity. Hence, with a small standard deviation, it means that

the datais uniform.

N - =
— ‘zi:;l‘“[’!i- V)<
o, = 1\‘| e (3.41)

3.7. Artificial Intelligent Algorithmsfor time series prediction systems
Forecasting is an aready vital part in understanding several phenomena for
instance, natural disasters, stock prices, electrical load demands changes and the
economic performance of a country given a specific set of parameters as well the

performance of wind farmsin view of wind speeds prevailing in an area.

Forecasting, therefore, forms a huge part in our day to day decision making. The
ability to forecast these areas is depended on the repeatability and understanding of

the problem set we are focusing on.

As such, there is need to devel op techniques to model the problem set and simulate
them on a computer so as to better understand. Hence, the modelling and
simulation, is a complicated task since, a thorough grasp of the exact area should

be studied, documented and utilized.
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The development or the design of the models, several tools can be used, we will
design a forecasting by using hybrid techniques. It comes naturally that, where
there is intelligence, a sort of brain has to be implemented to give abstractedness

and form to any system or being.

The following section details the design of a hybrid non-linear-autoregressive-
neural-network and Particle-Swarm Optimization model for a time series

prediction engine for awind farm in Kenya.

3.7.1 Non-Linear-Auto-Regressive Series
A time series is a sequence of numbers arranged serially and they normally
represent real life data or values[42]. Mathematically, a time series can be

expressed in alagged autoregressive model or a moving average:

v, = ax,_y + B (3.42)

Where;

a = constant to be estimated

B = white noise term given zero mean and a variance

¥,

4

= value to be predicted

x,_y = previous data value
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For a first order autoregressive model, a more elaborate approach is used; the

value to be predicted is expressed as shown below[43];

Ve = Bo+ Z:l:lﬁlxt—l + £ (3.43)

= XTX)'X'v (3.44)

Where;

¥, = value to be predicted

x4 (i = 1,2,...,N) = past values

N = auto-regression rank,

£ = white noise term

Bo1. n = auto — regressive coef ficients

The to determine the autoregressive coefficients, the maximum likelihood method

or the least squares can be used.

3.7.1.1 Non-Linear Autoregressive Neural Networks

Artificial Neurons were inspired by the way a brain-neurons functions, for
instance, how new memories are formed by creating new connections between
similar neurons and are activated by the firing action of the neurons and when
similar neurons fire at the same time, their cumulative effect is summed over a

node and a specific action is then performed for instance flexing a muscle.
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Biological neuron structure is as shown in figure 3.7. The neuron is composed of
the synapse, axon and the dendrites, together they combine to ensure the brain

functions depending on the type of stimuli.
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Figure 3.7: Biological neuron structure

NN are powerful and flexible, they are good in approximating nonlinear functions
and give solutions where the input and output relationships neither are nor well
defined or not easily computable.

Time series predictions are either linear or nonlinear, depending on the predictive
model and the desired accuracy. Linear auto regression is achieved by using
superposition principle[43][44]. A genera autoregressive model is as shown in the

equation below,
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The designing of the Nonlinear Autoregressive model in matlab can be done,

through a set of equations as defined below;

Viss = g + E:?=1wj-f({0-f + E?:1 Cvfu":(f“‘-f_f ~i) d) (3.45)
:C.'; = (j“.w;‘(t_l - I:—T,() ! (3'46)
0,= (OBEUF‘l .Or_;(_)’ (347)

As stated, ANN has faster learning curve, for predictive applications, the BPNN

performs well asthe error isfed back into the network and process is repeated.

Catalo et al [45],suggest that a three layered Feedforward- ANNSs perform well in
forecasting applications since the sigmoid function is nonlinear while the output
function is linear and therefore, this shows that neural networks can be designed as
a powerful agorithm for detecting patterns too complex for any algorithm to
detect. ANN have dynamic learning features, are self-organized with a tolerance

ability making it ideal for wind power forecasting modeling[46].

Short term forecasting is limited to several hours[6], ANN is an Evolution
Algorithm that can be used for modelling different system and has uses in

prediction of wind turbine output power as described in [47].

3.7.1.2 Structure of an Non-Linear Autoregressive Neural Network
Nonlinear-Autoregressive-Neural-Networks are represented by a mathematical

expression that has a number of inputs, weights and a bias function that generate
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an output depending on the activation and transfer function. Consider the figure

3.8.below which shows the mathematical design of a neura network.
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Figure 3.8: Artificial neural network architecture

In backpropagation neural network (BPNN), the weight update rule can be done
using the delta rule or the gradient search method, which presents an excellent
opportunity for weight adjustment in retraining the network for performance

optimization.

The sensitivity factor is a partial derivative term and can be expanded through

partial differentiation methods of calculus mathematics to evaluate the error (E).

The weights adjust the input node to the hidden node;w, ; it has amean value lying

between 0 and 1.

The activating function equation can be thought of as the training element of the

neural network, Javad Mahmoudi et a gives it as a Bipolar Sigmoid function[7]
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though several activation functions both linear and nonlinear can be found in

literature for instance, unit step ,signum, logistic or the hyperbolic functions.

1
1+a™ %

f(x) =

(3.47)

The Multilayer Perceptron (Bishop, 1995) is a complex connection of neurons
arranged in layers , the hidden layers containing the hidden nodes are used to
control the behavior of the network and the size too, the neuron and layer weights
are adjusted using either of the following agorithms, Steepest-Descent ,Gradient-

Descent, Back-Propagation, Levenberg-Marquardt[48].

The Bayesian Neural Network, (Mackay, 1992) uses the Hessian matrix
introduced in the Levenberg— Marquardt agorithm to estimating the neura
network weights. The BNN treats the network parameters or weights as randomly
assigned values that obey probability distribution laws i.e. the normal distribution,
the distributions are normally decided upon by the fact that they can favor less

complex models to produce smooth fits.

The Radial Basis Function, by Moody and Darken Powell, has a structure similar
to the multilayer perceptron and functions by utilizing the Gaussian where, the
width of the Gaussian window is selected to control the fitted function

smoothness. The outputs of the nodes are combined with a linear function to give
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the fina network output. The network architecture closely resembles the

multilayer perceptron architecture.

Generalised Regression Neural Network, by Nadaya and Watson , 1964, utilizes
the parameter h, called the bandwidth, in determining the smoothness of the
function to be fitted since increasing or decreasing the bandwidth parameter

controls the size if the smoothing region,[49]

The k-nearest Neighbor, calculates the shortest distance between a reference point
and all other pointsin atraining set. The closest k-point in the training data points
are then picked to set the predicted value as the weighted sum of the target output

values for these k-points.

The Classifier and Regression Tree is a regression model that looks like tree-like
ordered partition of the input size (Breiman, 1993). The input size is clustered into

local sections classified into a sequence of repeating parts.

SVR by (Scholkopf and Smola, 2001; Smola and Scholkopf, 2003) uses a HD
feature and to simplify the complexity of the model and a penalty added to an error
function, the support vector regression can be transformed to a nonlinear model by

use of akernd.
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3.7.2 PSO

This optimization technique is a simplistic model that copies social aspect of
insects, certain fish species or birds e.g. sparrows, ants etc. The particles in the
ensemble try to locate the best trajectory or paths of the best location of important
resources for a colony. The particles investigate their environment while
constantly releasing pheromones or biological markers when they locate resource

to communicate between themselves and sharing information[15][50].

Position is a two dimensiona space vector,xandy while the velocity will
be Vv, and V. Each agent in the group notes its initial position, distance plus
velocity against the other agents: R, ... and G,.... Consider fig 3.9, it shows the

Cartesian coordinates as per equation (2.3) and equation (2.36), movement of the
swarm elements within the Cartesian coordinate space is constrained with the

following genera simplistic rules.

(i) Solutions are constantly changing which are the positions and speed
adjustment.

(if) Consideration of the search space and al limitations given a certain
search parameter or a number of all possible solutions.

(ilf)Each member particle moves towards a global optimum solution at a

certain rate.



(iv) All experiences both individual and group are recorded.
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Figure 3.9: Cartesian Space for PSO agents

Many authors and texts are available, research on particle swarm optimization
techniques have been done and variations to the canonical form, [51]. 3.7.2.1 PSO

algorithm parameters

These are the variables that are considered in designing a PSO algorithm

A; the population of particles or agents

P, ; Position of each agent say, a,

F; objective function

v;; Velocity of particle or agent, a;
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V(a.); neighborhoods of the agents, it’s normally fixed.

x,(i) = old position (3.48)
After iteration i + 1, the new positioniis:
Keeq (1) = x(1) + Vi (@) (3.49)

The speed is updated similarly through the function;

Vear (D) = w = vy(D) + Gy * rand, * (Pgoe — (1)) +C, *rand,
= [:G:Best - xt(l))
(3.50)
C, and G, are the weighing coefficients

rand, and rand,are two random numbers between 0 and 1

w = diversification coefficient

w_old_upper— w_old_lower
w_damp_new = w_old — — — || * iter
ter

(3.51)
Where:

w_old_upper= 0.9 and w_old_lower = 0.4
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3.8. PSO algorithm

PSO optimization algorithm; steps

1) Determinetheinitial conditionsfor each agent
2) Evaluate the searching points and parameters

3) Modify each parameter as per the new values

PSO agorithm pseudo-code:

1. Randomize the population.

X; = (Xq, X9y Xg cen comeen wuey eaXy )

i=(1,23,4......M) Theiteration counter

M = swarm size or population size

N = number of parameters to be optimized

2. Evaluate every particle’s position using the fitness function and minimize.
3. If fitness criterion is not met, update the counter by 1, if met goto 4

4. Update the velocity according to equation 4.1

Vers (i) = wev (i) + C, * rand, * (pge., — x:(i)) +C, *rand,
* (Gnest o :’(1:(1).)

(4.1)

Where;
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W= weight bias

Vt =velocity of the particle at timet.
Xt= position of the particle at timet.
C1,C2 = constriction factors 1 and 2.
Pbest = personal best position

Gbest = Group best position

5. Ensure the particles oscillates within the velocity (Vmax and Vmin)
constraints according to equation 4.2

1 SV S Vi (4.2)

el
max —

6. Update particle position according to equation 4.3

%ea() = x,(0) + Ve () 43)
Where Xt+1(i) = new position
Xt(i) = current position
Vt+1(i) = new velocity
7. Check the limits and evaluate.
8. Evaluate the fitness function and compare with the previous pbest. Logic
decision, if the new value is better than the previous pbest, then set the

pbest value equal to the new value and the pbest location equa to the
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current location in the N dimensional search space, repeat for the gbest
position.

9. Evaluate the stopping criteria has been met and update the iteration and
repeat from step (5).

The process flow diagram is shown on fig 3.10
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achizved when
ghest = sufficient good
fitness or maxinm

Calvulete parficle
veloc.ty

Retm best particle

/

Figure 3.10: Particle swarm optimisation flow algorithm

3.9. Neural network (NN) pseudo code
1. Assign random weights to the elements in the network
2. Evaluate activation function of the hidden layers and the input elementsin
step 1.
3. Using the activation rate of step 2, determine the activation value of each

output elements.
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4. Determine the output nodes errors and recalibrate the network

5. Using error and weights of the output function, apply to the hidden layers

and neuron nodes.

6. Recalibrate the network weights and repeat from 1.

7. Test for convergence and obtain the best solution.
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Figure 3.11: Backpropagation neural network a gorithm flow chart
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3.10. Predictive Model Design and the Hybrid PSO-NN Prediction M odel
The implemented design is based on three stages neura network artificial

intelligence model with optimized by a particle swarm algorithm, see figure 3.12

The first input stage is the data input stage where, data obtained from Ngong’ll
wind farm is processed and fed into the system. The first stage is the non-linear
autoregressive neural network that has an aspect of the autoregressive integrated

moving averages (ARIMA) [52].

Nonlinear

Autoregressive
Particle swarm "| Model with an

Non-Linear Dptimization Model Exzernal input

= Autoregressive Neural
Netwerk Model

Cascadeforwardnet

Fredicted Wind
spzed

Data Input

Convartad Wind
power

Figure 3.12: Three stage hybrid predictive models

The data is time series in nature, this data is classified into validation data and
training data for the Narnet model. The model predicts a sequence of numbers

which are passed to a feedforward network for input-output matching and weight
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adjustment and optimization using particle swarm optimization model and finally
,through a narxnet model for final forecasting.

For short term predictions, ANN agorithms are preferred since they have the
ability to extract nonlinear relationships. It has many variants that can be adopted

for specific functions.

Auto-regressive models are used since they are better at performing actual
prediction as they take advantage of the auto-correlation and moving averages
property. The hybridized cascadefeedforward net as depicted in stage two of the

model is shown in figure 3.11, the design pseudo codeis as shown ;

The feedforward network integrates the two autoregressive neural network.

1. Historical wind speed data, in this case, data collected from Ngong Hills
wind power project, will be analyzed using statistical formulas.

2. Randomizetheinitial neuronsto make up the initial PSO population

3. Thehistorical datawill be fed into the ANN network for processing

4. PSO will use data from step 2 to train the ANN network through weight
and bias adjustment of the ANN network.

5. The MSE will be used to retrain the network for improved accuracy
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6. The neurons will be rearranged to form new connections and a new
network

7. PSO will be used to optimize the network for prediction accuracy
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Conclusion;

Different measures of the wind speed predictions have been looked at, wind speed
forecasting and turbines plus the betz model have been studied. More so, the
statistical analysis and the two main intelligent models to be utilized in the design

and implementation stage, chapter 4, have been introduced briefly here.

Optimization agorithms are inspired by nature, for instance, the movement in
swarms of animals or insect have been studied for long and have been declared to

have a distinct way under which they operate.

Ants have units of tasks and a hierarchy by which they handle matters and still
have a form of hyper intelligence by which they respond to specific stimuli
following a set of simplistic rulesin that they exchange information depending on
how members of the swarm judge the situation. For instance if they are searching
for food and their home gets destroyed, they react somewhat immediately to solve
the problem and rebuild the home or if they get attacked, they respond in the same

way.

Brain neurons are also divided into tasks for instance; sensory, memory and
muscular, an outlined in the structure of a biological neuron, the neuron has

sections that help it carry out activities depending on the stimuli.

On amacro level, neurons and elements of a swarm can be thought of as similar in
the way they operate, though a distinction will arise in the number of size of the
unit under consideration. Artificial Neural Networks are good in finding solutions
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in anon-linear set of data which sets it apart from other algorithms and hence its

application in prediction techniques.

The essence of forecasting is to allow a system to extrapolate a future value after
feeding it some past data. From the literature review, probabilistic approach is
most preferred as it allows the inclusion of uncertainties that are inherent with

wind profile.
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CHAPTER 4:

CASE STUDY; NGONG Il WIND FARM AND DATA ANALYSIS

4.1. Introduction
This chapter introduces the Ngong’ Il wind farm .The wind farm under study is
composed of 16 wind turbines Typica wind site parameters see table 1, the
probability distribution curves, see figure 4.2 and the power from the turbines is

shown in thefigure 4.1.

Wind power plants and farms are capital projects and some initial investment
scopes have to be established but the most important is the site suitability for the
project. Table 1, summerises some of the parameters of the Ngong Il wind farm.
This chapter also discusses the model design and results achieved. The simulating
environment is Matlab R2017a, the software was picked mostly because it is a
detailed and well programmed simulation tool, it has several research modules that

assist in leaning such as simulink
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Figure 4.1: Ngong’ Il wind farm turbines
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Table 4.1: Ngong Il site summary

Site Summary

Project site Ngong Hills I
Power Installed (Watts) 13,600,000
Wind turbine used Gamesa
Annual Production in kWh 3 kWh
Standard Deviation 35

Average Speed 9.4583 m/s
Coefficient k 2.9473
Coefficient c 10.6
Gamma(1 + (1K) 0.892295
Alphavaue 0.39054
Average speed at 40m 3.896273
Average speed at 60m 4.324533
Number of turbines 16

Capacity Factor (approximated)25%

4.2. Plotsand Charts Analysis
Figure 4.2, show the normal distribution of wind speeds at the Ngong’ Hills using

the data from wind turbine AGO01 as a sample data reference.
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Wind power has various charts and profiles defined to portray different
information as regards the wind farm power plant capacity and wind turbine

characteristics.

Between the distribution functions, wind profiles and the generated profiles ,the
normal graph shows, figure 4.2 that the wind distribution or the Ngong’-Il site is
symmetrical about the mean i.e. the flow of high speeds over low speeds is
balanced though there is a dlight shift leaning to the left. From the site summary
tablel, average wind speed is 9.46 which trandate to a power output of about

450kW of power.

Normal wind speed distribution curve
0.12 -
0.1 V ki W
nnh /./ \\.
l:l_i_.HJ / \
0.04 d
0.02 ./’/// \\\Hx

0 =

0 5 10 15 20 25

Probability

Wind speed (m/s)

Figure 4.2: Normal distribution curve for wind speed[53]
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Similarly, the combined cumulative and histogram displays the same analysis as
the normal curve, see figure 4.3, the plot gives the gamesa as illustrated in [83,
fig.4 and fig.5] These curves give an indication of the kind of turbine that can be

effectively used to harvest power at this site.
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Figure 4.3: power curve verses wind speed distribution

The commercially available wind power curve data for gamesa-G52 power curve,
see figure 4.4, below, from the plot we can see that the cutting speed is 4m/s,
which us the minimum velocity required for power generation, next is the cutout
speed fixed at 25 m/s at this velocity, more wind flow, makes the mechanical and
electrical protection systems activate to protect the turbine form damage by
stalling. The normal allowable operating points/ speeds are within the following

speeds of 13 m/sto 24 m/s.

71



Characteristic curve ,Gamesa G52

1000 cut_in=4m/s
cut_out=25m/s

Power (kW)

—&—Power(kW)

Wind Speed (m/s)

Figure 4.4: Gamesa G52 power curve

The column graph, figure 4.5, shows the monthly contribution per turbine for the
whole year, the month of June indicates the lowest month approximately 1% in
over production for the site while March is the highest month as the power

produced was the largest, approximately 20%.
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Figure 4.5: cumulated wind power contribution

The wind turbines at Ngong 1 site experiences mean monthly wind speed with the
corresponding wind power generated at the site as shown by figure 4.6 and figure
4.7. the wind speeds varies for different months and the corresponding graphs are

given in the appendix section.
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Figure 4.6: Mean Monthly wind speed
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The mean speed chart and the mean monthly generated power show a similar trend
since, the power generated is depended on the cube power of the measured
prevailing speed across the site. Similarly, the performance of the individua 16

turbines show a similar profile as shown in the following figures 4.8 and 4.9, see

Figure4.7: Mean monthly generated power

appendix A.
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It is important to focus on the two months for analysis purposes, hence the

following two graphs for the two months, figure 4.8 and figure 4.9.

More so, it is of interest to note the variations in the daily power measurements for
March and June. As opposed to an aggregated mean values used to plot charts for
a bigger time scales see figure 4.8 and figure 4.9, note the difference in data point
for March and June which can be attributed to the calendar days between the two

months and most importantly, the resolution of the data recording devices.

Daily Wind Power Generated for March
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Figure 4.8: Daily wind generated for March
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Daily Wind Power Generated for June
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Figure4.9: Wind power generated for june

4.3 Narnet M odel
This narnet[54] model is used for data preparation and validation into testing and
training as as shown in figure 4.10, the model is composed of 3 hidden layers and
one output layer of 5-10-5-1 structure . The output from the model is a predicted

set of datathat is passed to the cascade feedforward network.
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4 NARMzra Networkjre]

Hidden 1,

Figure4.10 : Narnet Architecture

The model output is represented as a sequence of delayed data and the generd
equation is given below; see [3, equation (1)], where the predictive equation is a
time delay asillustrated in equation (4.1)

¥, = fF(t —1),...y(t—d)) (4.1)
The network performance charts are displayed below. They are the Best Validation
performance, which gives the mean square error performance at 0.30287. The
error histogram of 20 bins shows the data split into testing, validation and training.
The regression chart displays the data adequacy for neura network training to the
best fit line, the dotted line shows perfect fit between the output and the target
while the solid line shows the approximation of the model to the best fit line. The
data points indicates that majority of the data points are a good fit. The best
performance occurred at iteration 32 as shown in figure 4.11. at this point, the
mean square error is at its minimum point of 0.30287. Furthermore, the predictive

model performance is further evaluated in figures 4.12, 4.13 and 4.14. Figure 4.12
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is the error histogram of 20 bins and indicates that the 6000 samples lie within the

0.1523 error.

Best Validation Performance is 0.30287 at epoch 32
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o
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a 5 10 15 20 25 30 35

38 Epochs

Figure4.11: Narnet network performance
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Figure 4.12: Network error histogram

Figure 4.13 gives the autocorrelation error parameter of the model performance at
lag O with a 95% confidence level, though it also shows the model could be
retrained to achieve better prediction abilities and improve the network
performance. Figure 4.14 is the regression plots for the narnet model and it
indicates that the model outputs are close to one (R-squared values) , therefore, the

narnet model was trained
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Figure 4.13: Network error 1 autocorrelation
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Figure 4.14: Network regressions

4.4 Cascade feed forward net
The cascadefeedforward neural net is a fitting network and it maps the input-
output data from stage 1(narnet model- figure 4.10), see figure 4.15 with one(1)

hidden layer consisting of 5-neurons and 1-output layer ( 5-1 structure).

At this stage, the weights from the model are then continuously adjusted particle
swarm optimization in every iteration using a mean sgquare error (MSE)[2] cost

function while the swarm is trained using the Levenberg- Marquardt agorithm.
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A\ Cascade-Forward Meural Network [wiew)

Figure 4.15: cascadefeedforward network ar chitecture

The figure 4.16 is the PSO minimization curve, best performance occurs after the
60" iteration to obtain the best possible weights for the cascadefeedforward neural

net.
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Figure 4.16: PSO Iteration graph
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Figure 4.17 shows that the network reached a minimum at iteration 2 but reached
the best performance at 18 and stopped as its best validation point of 0.27588 M SE
Figures 4.18 and figure 4.19 are the regression errors and the error histograms.
These plots indicates that the predictive errors have been minimised as shown by

the performance plots.

Best Validation Performance is 0.27588 at epoch 18
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Figure 4.17: Cascadefeedforward network performance

83



Qutput ~= 0.97*Target + 018
M A @D oMo

Qutput ~= 0,98 Target + 017

Training: R=0.98757

-
m

o Drata

8 10q 18

Test: R=0.989563

Drata

Target

Qutput ~= 0.97*Target + 0.17

Qutput ~= 0.97*Target + 0.18

Validation: R=0.9852

o

Drats

All:

R=0.98751

Drats

Figured.18: Cascadefeedforward network regression
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Figure 4.19: Cascadefeedforward network error histogram




4.5 Narxnet Model
This is the final stage of the forecasting engine. It has the network architecture as
shown below, both the open loop and closed loop architecture. This model is the
third stage in the predictive architecture, narxnet model with a 10-5-1 structure,

figure 4.20 and 4.21.

4\ NARX Neural Network (view)

X(‘) Hidden 1

Hidden 2

Figure 4.20: Narxnet open loop network architecture

A4\ NARX Neural NetworkClosed Loop (view)

Hidden 2

Figure 4.21: Narxnet closed loop network ar chitecture

The performance mean square error is reduced to 0.21335, see figure 4.22, from

the input stage which was at 0.30827. The nonlinear neural network with an
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external input has an improved performance since it reached its best iteration after

13

iteration.

Mean Squared Error (mse)
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Best Validation Performance is 0.21335 at epoch 13
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Figure 4.22: Narxnet network performance

Figure 4.23, 4.24 and 4.25 are the error histogram, regression plots and

autocorrelation error plots respectively. See table 2 for the performance

comparison and improvement of the predictive model from the first stage to the

third stage.
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Figure 4.24: Narxnet network regression
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Figure 4.25: Narxnet network autocorrelation error

Table 4.2: Performance summary

For ecasting Engine Performance Summary

Performance Parameter | Narnet cascadeforwardnet | Narxnet
0.3381 0.2247
0.98771 0.98757 0.98806
0.98502 0.9852 0.98835
0.98395 0.98751 0.98771
0.30287 0.27588 0.21335  at
at epoch 32 | at epoch 18 epoch 13

Finaly, the Narxnet model, as the third stage of the predicting model is used to

predict wind speed for short term horizon of 2 hours, this is the aggregated mean
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speed output from the network the wind speed is then converted to wind power for

the wind farm, see figures 4.26 and 4.27 for the graphed output values.

Table 3 gives the output performance of the 3 stage prediction engine as designed,
the power is converted from wind speed values using weibull and Rayleigh

probability density functions, see equation 6.2 and 6.3 [55].

Predicted Wind Speed (m/s)
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L0 | |
£
T 8 —+ - - m—
g 61
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1 2 3 4 5 6 7 8 9 10 11 12
Data points

Figure 4.26: Closed loop narxnet predicted wind speeds
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Figure 4.27: Narxnet closed loop predicted wind power

4.6 Weibull and Rayleigh distribution functionsfor Ngong Il wind farm[55]

)= 220 () v exp |- ()] (6.2)
FV) = 72 exp-Cx (%)) ©3)
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Table 4.3: Predicted speed probability distribution

10.14 0.0161 0.683 579.80
9.9 0.0165 0.698 553.37
9.6 0.0168 0.709 529.29
9.4 0.0171 0.720 507.01
9.1 0.0173 0.729 485.20
9.0 0.0175 0.735 468.97
8.6 0.0179 0.746 433.05
8.4 0.0180 0.750 418.22
8.4 0.0180 0.750 414.38
8.4 0.0180 0.750 416.56
8.5 0.0181 0.749 421.87
8.6 0.0179 0.746 432.36
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4.7 Evaluation
Different authors use different metrics to evaluate the performance of their
forecasting engines. Some of the statistical metrics used are MAE, MAPE,NMAE,
RMSE, MSE, SDE and SSE, the mathematical fomulafor the metrics are

illustrated in the appendix (1) section of thisthesis.

Specific forecasting models are constrained to specific geographical sites and as
such it is never a guarantee that a model will perform well in another site given the
geographcal dependency[56], classified accuracy of the forecasting models
depending on the forecasting horizon as follows, short term prediction evaluated as
the Mean Absolute Error liesin he range of 5% to 15 %, while for longer days, the
performance deteriorates to 13% to 21% for prediction of between 1 and 2 days, if
we increase the forecasting horizon to more than 3 days, the accuracy shiftsto

20% to 25%.

The MHNN and EPSO [57] has an average MAE of 2.21.A predictive Deep
Boltzmann Machine was introduced in [58] intelligent hybrid wind power
forecasting engine composed of wavelets, ANFIS, support vectors and Grid Search

algorithms, the forecasting is done per season i.e. winter, summer, spring and fall.
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The performance of his model is shown in table 4 and compared to our forecasting

mode!.

Our hybrid model is composed of three neural network architecture optimized by

particle swarm, the performance compared to other modelsis as follows;

J. P. S. Catalao, H. M. I. Pousinho, and V. M. F. Mendes through their work in
intelligent hybrid short term forecasting in Portugal obtained average MAPE of

5.99%[21].

Particle swarm based optimization of neural networks shows better improvements

in the overall prediction accuracy than neura networks alone[59].

H. Shaker, D. Wood, and T. N. Alberta employed wavelet neural networks for net

demand forecasting using direct and indirect methods [60].
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Table 4.4 Perfor mance comparison

Perfor mance Comparison

MHNN+ | WT+ANFIS
Narnet+CFF+ WNN
EPSO +SVM+GS
PSO+Nar xnet [95]
[91] [93]
0.62 2.21 4.02 2.732
0.26 4.60 5.93 3.7995
18.20 13.02

Severa other models were analysed and a similar comparison made, we can note
that the average MAE at 0.6174, the hybrid model developed shows a significant
reduction in the prediction error as well as the average model mean square error at
0.264033. though the MAPE is quite high, this could be attributed to the huge

aggregated data points used in the analysis.

4.8 Conclusion
The model was designed in this chaper, the three stage model — Narnet, cascade
feedforward and the Narxnet is highlighted and the performance chartes for each

submitted.

The cascade feedforward net was optimised using particle swarm algorith, the

weights of the network were randomly initialised before feeding into the PSO
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algorithm, in this case, the whole ensemble, i.e the conection of neuranos and the
layers was forming the swam of the PSO, and performance improved by weight

adjustment as the particles.

The narnet and narxnet stages are designed after the autoregressive models and
introduces the concept of ARIMA which after passing the data, predictive values

are generated a the model is simulated.

Data was collected from ngong’ 1l wind power plant operated by Kengen power
company. See figures 4.6 and 4.7, these figures shows the mean-monthly wind
speed/velocity and wind power generated for a period of 12 months on the site
aggregated. The numbers of turbines considered is 16 , see figure 4.1 and the wind

site summary for ngong’ Il, in table 1.

Matlab R2017ais used for model creation and simulation of the network. Matlab
R2017a was chosen for being the most versatile modelling environment and has
many features that were utilised the results from the model are analyzed in this

section.
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CHAPTER 5:

CONCLUSION AND RECOMMENDATION

5.1 Conclusion:

From the beginning, we set out to accomplish the following three objectives,

(i) To formulate a wind energy prediction technique based on Artificial

Intelligence and statistical hybrid models.

(i)  To develop a forecasting engine based on the formulated prediction

technique and cost function.

(i)  To evaluate the forecasting technique in comparison with other methods.

Objective (i) and (ii): The three stage predictive model was developed, see page
60, it gives the architecture of the predictive model. The internal system model has
been elaborated in Chapter 4 as the neural networks i.e. nonlinear autoregressive
neural networks and a cascade feedforward network whose, neural weights are

adjusted and optimized using particle swarm algorithm has been devel oped.

The model has shown tremendous improvement in the general performance of the
forecasting engine. We have demonstrated through, see page 86 for the
performance summary of the model, modelling and simulation cascade of neura
networks reduces the generalities associated with a single model, either Narnet or
the Narxnet or the feedforward network. We, therefore, conclude that

Autoregressive hybrid forecasting engine offers an improvement in the general
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performance and are designed to work on machines with limited computing
abilities available for system planner as it is important to know how much power
will be availed in a few hours’ time or on spot, though special emphasisislaid to

improve the prediction accuracy neura networks are basically intelligent.

Objective (iii): The model is evaluated and compared to other forecasting models
available and, as per the evaluated performance, it has shown some improvement
in the predictive and reduction in forecasting errors are small and minimized for
such a simple model. We can attribute this to the automatic relationship between

the combined nonlinear-autoregressive-neural-network models and particle swarm.

Time series prediction data used is a single input value to the network, and these
leaves out several other parameters that can aid in improving the accuracy further,
but we should know that with more inputs to be added, the more complex the

model will.

In the design phase, the designer has to penalize and compare between model
complexity and accuracy given that design time is aways limited. For wind
forecasting, severa parameters have been omitted such as, temperature, humidity,

wind direction etc.
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1

5.2 Recommendation:
Increasing more parameters while still maintaining a similar goal of model
simplicity as well using other neural network architectures and
optimization agorithms such as genetic algorithms , cuckoo search to

improve neural networks performance.

The benefits of researching on parameter estimation areas of forecasting
functions and models, still wind power forecasting is very site-dependent
and research can be done to develop systems that reduce the dependency in
the case of regiona forecasts and one model can be used across sites. But
with simple modifications, a forecasting model can be utilized in different

regions

Research on NWPs, taking into account loca phenomena as well as
extreme events other than what is normally the weather trend of a
particular site, and aso protect the power system, therefore, this kind of
research is valuable in getting to understand the dynamics of a grid-tied

renewable energy power system.

98



REFERENCES

[1]

[2]

[3]

[4]

[5]

[6]

[7]

P. Pinson, J. Juban, and G. N. Kariniotakis, “On the quality and value of
probabilistic forecasts of wind generation,” 2006 9th Int. Conf. Probabilistic

Methods Appl. to Power Syst., pp. 1-7, 2006.

J. Zhong, Y. Hou, and F. F. Wu, “Wind power forecasting and integration to

power grids,” 2010 Int. Conf. Green Circuits Syst., pp. 555-560, 2010.

I. Journal, F. O. R. Trends, and I. N. Engineering, “Mitigating The Power
Fluctuation Of PMSG Wind Turbine In A Microgrid By Optimal Usage Of

SMES With FCL Using PID Controller,” vol. 3, no. 2, pp. 62—-67, 2015.

P. Gomes, “Wind Speed and Wind Power Forecasting using Statistical
Models: AutoRegressive Moving Average ( ARMA ) and Artificial Neural

Networks ( ANN ),” vol. 1, no. June, pp. 36—45, 2012.

M. Hayashi and K. Nagasaka, “Wind Speed Prediction and Determination
of Wind Power Output with Multi-area Weather Data by Deterministic

Chaos,” pp. 192-197, 2014.

F. Ann and M. Jamil, “Short and Mid-Term Wind PowerPlants,” pp. 167-

171, 2012.

S. Saroha and S. K. Aggarwal, “Multi step ahead forecasting of wind power
by different class of neural networks,” 2014 Recent Adv. Eng. Comput. Sci.,

pp. 1-6, 2014.

99



[8]

[9]

[10]

[11]

[12]

[13]

R. Thresher and A. Laxson, “Advanced Wind Technology : New

Challenges for a New Century,” no. June, 2006.

P. Pinson and G. Kariniotakis, “Wind power forecasting using fuzzy neural
networks enhanced with on-line prediction risk assessment,” Power Tech

Conf. ..., vol. 2, pp. 64-71, 2003.

A. T. Al-Awami and M. a. El-Sharkawi, “Statistical characterization of
wind power output for a given wind power forecast,” 41st North Am. Power

Symp., val. 0, no. 1, pp. 1-4, 20009.

|. G. Damousis, M. C. Alexiadis, J. B. Theocharis, and P. S. Dokopoul os,
“A Fuzzy Model for Wind Speed Prediction and Power Generation in Wind
Parks Using Spatial Correlation,” IEEE Trans. Energy Convers., vol. 19,

no. 2, pp. 352-361, 2004.

Y. Han and L. Chang, “A study of the reduction of the regional aggregated
wind power forecast error by spatial smoothing effects in the Maritime
Canada,” 2nd Int. Symp. Power Electron. Distrib. Gener. Syst., pp. 942—

947, 2010.

Jie Yan, Yonggian Liu, Shuang Han, and Yang Yang, “An Integration of
Enhanced Wind Power Interval Forecasting into Reactive Power
Dispatching,” 2nd IET Renew. Power Gener. Conf. (RPG 2013), pp. 3.10-

3.10, 2013.

100



[14]

[15]

[16]

[17]

[18]

[19]

[20]

N. Amjady, F. Keynia, and H. Zareipour, “Wind power prediction by a new
forecast engine composed of modified hybrid neural network and enhanced
particle swarm optimization,” |EEE Trans. Sustain. Energy, vol. 2, no. 3,

pp. 265-276, 2011.

S. Fang and H. Chiang, “A High-Accuracy Wind Power Forecasting

Model,” vol. 8950, no. c, pp. 5-6, 2016.

S. H. 1. Nan, Z. Su-quan, Z. H. U. Xian-hui, S. U. Xun-wen, Z. Xiao-yan,
and A. T. G. Model, “Wind Speed Forecasting Based on Grey Predictor and

Genetic Neural Network Models,” pp. 1479-1482, 2013.

D. K. Choge, S. K. Rotich, and J. K. Maritim, “WIND ENERGY

PROBABILITY.”

A. G. Abo-khalil and D. Lee, “SVR-based Wind Speed Estimation for
Power Control of Wind Energy Generation System,” no. September, pp.

1431-1436, 2015.

M. H. Kareem, J. M. Jassim, and N. K. Al-hareeb, “Mathematical
Modelling of Particle Swarm Optimization Algorithm,” vol. 3, no. 4, pp.

54-59, 2016.

W. Chang, “A Literature Review of Wind Forecasting Methods,” J. Power

Energy Eng., no. April, pp. 161-168, 2014.

101



[21]

[22]

[23]

[24]

[25]

[26]

[27]

A. M. Foley, P. G. Leahy, and E. J. McKeogh, “Wind Power Forecasting &
Prediction Methods,” IEEE, 9th Int. Conf. Environ. Electr. Eng., vol.

Prague, Cz, no. O, pp. 3-6, 2010.

N. Chen, Z. Qian, I. T. Nabney, and X. Meng, “Wind power forecasts using
gaussian processes and numerical weather prediction,” IEEE Trans. Power

Syst., val. 29, no. 2, pp. 656-665, 2014.

J. Juban, J. Juban, N. Siebert, N. Siebert, G. N. Kariniotakis, and G. N.
Kariniotakis, “Probabilistic Short-term Wind Power Forecasting for the
Optimal Management of Wind Generation,” 2007 |EEE Lausanne Power

Tech, pp. 683-688, 2007.

T. S. Nielsen, A. Joensen, H. Madsen, L. Landberg, and G. Giebel, “A new
reference for wind power forecasting,” Wind Energy, vol. 1, no. 1, pp. 29—

34, 1998.

B.-M. Hodge and M. Milligan, “Wind Power Forecasting Error
Distributionsover Multiple Timescales,” Detroit Power Eng. Soc. Meet., no.

March, pp. 1-8, 2011.

N. D. Hatziargyriou and G. N. Sideratos, “Using Radial Basis Neural
Networks to Estimate Wind Power Production,” 2007 IEEE Power Eng.

Soc. Gen. Meet., 2007.

D. J. Sailor, T. Hu, X. Li, and J. N. Rosen, “A neural network approach to

102



[28]

[29]

[30]

[31]

[32]

[33]

[34]

local downscaling of GCM output for ng wind power implications of

climate change,” Renew. Energy, vol. 19, no. 3, pp. 359-378, 2000.

R. J. Bessa, V. Miranda, A. Botterud, and J. Wang, “Estimation for Wind

Power Forecasting,” vol. 3, no. 4, pp. 1-10, 2012.

K. Bhaskar and S. N. Singh, “AWNN-Assisted Wind Power Forecasting
Using Feed-Forward Neural Network,” IEEE Trans. Sustain. Energy, vol. 3,

no. 2, pp. 306-315, 2012.

S. Wang, M. E. Baran, and S. Member, “Reliability Assessment of Power

Systems with Wind Power Generation,” System, pp. 1-8, 2010.

G. Sideratos and N. D. Hatziargyriou, “An Advanced Statistical Method for
Wind Power Forecasting,” Power Syst. IEEE Trans,, vol. 22, no. 1, pp.

258-265, 2007.

M. Ozkan and P. Karagoz, “A Novel Wind Power Forecast Model:
Statistical Hybrid Wind Power Forecast Technique (SHWIP),” IEEE Trans.

Ind. Informatics, vol. 3203, no. ¢, pp. 1-1, 2015.

J. Xia, P. Zhao, and Y. Dai, “Neuro-fuzzy networks for short-term wind

power forecasting,” 2010 Int. Conf. Power Syst. Technol., pp. 1-5, 2010.

C. Skittides and W.-G. Fruh, “Wind forecasting using Principal Component

Analysis,” Renew. Energy, vol. 69, pp. 365-374, 2014.

103



[35]

[36]

[37]

[38]

[39]

[40]

[41]

R. Baile, J. F. Muzy, P. Poggi, and C. R. Baile, “Short-term forecasting of
surface layer wind speed using a continuous random cascade model,” Wind

Energy, vol. 14, pp. 719-734, 2011.

J. Jeon and J. W. Taylor, “Using Conditional Kernel Density Estimation for
Wind Power Density Forecasting,” J. Am. Sat. Assoc., vol. 107, no. O, pp.

66-79, 2012.

G. D’Amico, F. Petroni, and F. Prattico, “Wind speed and energy
forecasting at different time scales: A nonparametric approach,” Phys. A

Sat. Mech. its Appl., vol. 406, pp. 59-66, 2014.

G. Sideratos and N. D. Hatziargyriou, “An Advanced Statistical Method for
Wind Power Forecasting,” |EEE Trans. Power Syst., vol. 22, no. 1, pp. 1-7,

2007.

Y. Min, W. Bin, Z. Liang-ii, and C. Xi, “Wind Speed Forecasting Based on

EEMD and ARIMA L:cJt)+r(t),” vol. 11, no. 1, pp. 1299-1302, 2015.

X. Han, X. Zhang, F. Chen, Z. Song, and C. Wang, “Short-Term Wind
Speed Prediction Method Based on Time Series Combined with LS-SVM,”

pp. 7593-7597.

M. Khalid and A. V. Savkin, “A method for short-term wind power
prediction with multiple observation points,” IEEE Trans. Power Syst., vol.

27, no. 2, pp. 579-586, 2012.

104



[42]

[43]

[44]

[45]

[46]

[47]

[48]

L. Soder, “Simulation of wind speed forecast errors for operation planning
of multiarea power systems,” 8th Int. Conf. Probabilistic Methods Appl. to

Power Syst., pp. 723-728, 2004.

L. Xie, Y. Gu, S. Member, X. Zhu, and M. G. Genton, “Short-Term Spatio-
Tempora Wind Power Forecast in Robust Look-ahead Power System

Dispatch,” IEEE Trans. Smart Grid, vol. 5, no. 1, pp. 511-520, 2014.

T. G. Barbounis, J. B. Theocharis, M. C. Alexiadis, and P. S. Dokopoul os,
“Long-term wind speed and power forecasting using local recurrent neural
network models,” IEEE Trans. Energy Convers., vol. 21, no. 1, pp. 273~

284, 2006.

A. Anwar and A. N. Mahmood, “Enhanced Estimation of Autoregressive
Wind Power Prediction Model Using Constriction Factor Particle Swarm

Optimization,” pp. 1136-1140, 2014.

A. Kusiak, H. Zheng, and Z. Song, “Wind farm power prediction: a data-

mining approach,” Wind Energy, vol. 12, no. 3, pp. 275-293, 20009.

X. Wu, B. Hong, X. Peng, and F. Wen, “Radial basis function neural
network based short-term wind power forecasting with Grubbs test,” Electr.

Util. Deregul. Restruct. Power Technol., pp. 1879-1882, 2011.

R. Ak, V. Vitelli, E. Zio, and S. Member, “An Interval-Vaued Neural

Network Approach for Uncertainty Quantification in Short-Term Wind

105



[49]

[50]

[51]

[52]

[53]

[54]

Speed Prediction,” vol. 26, no. 11, pp. 2787-2800, 2015.

S. Mukhopadhyay, P. K. Panigrahi, A. Mitra, and P. Bhattacharya,
“Optimized DHT-RBF Model as Replacement of ARMA-RBF Model for

Wind Power Forecasting,” no. Iceccn, pp. 415-419, 2013.

J. Shi, W. Lee, U. S. A. Tx, and P. Wang, “Short Term Wind Power
Forecasting Using Hilbert- Huang Transform and Artificial Neura

Network,” vol. 863, no. 2007, pp. 162-167, 2011.

M. Negnevitsky and C. Potter, “Innovative Short-Term Wind Generation
Prediction Techniques,” 2006 |EEE PES Power Syst. Conf. Expo., no.

DECEMBER 20086, pp. 6065, 2006.

P. L. Johnson, S. Member, M. Negnevitsky, K. M. Muttagi, and S. Member,
“Short Term Wind Power Forecasting Using Adaptive Neuro-Fuzzy

Inference Systems,” pp. 1-6.

C. W. Potter and M. Negnevitsky, “Very Short-Term Wind Forecasting for
Tasmanian Power Generation,” |EEE Trans. Power Syst., vol. 21, no. 2, pp.

965-972, 2006.

S. Tatinati and K. C. Veluvolu, “A hybrid approach for short-term
forecasting of wind speed.,” ScientificWorldJournal., vol. 2013, p. 548370,

2013.

106



[55]

[56]

[57]

[58]

[59]

[60]

[61]

Y. Tian and Z. Hu, “Wind speed forecasting based on Time series -

Adaptive Kalman filtering algorithm.”

A. U. Haque, M. H. Nehrir, and P. Mandal, “A hybrid intelligent model for
deterministic and quantile regression approach for probabilistic wind power

forecasting,” IEEE Trans. Power Syst., vol. 29, no. 4, pp. 1663-1672, 2014.

A. U. Haque, P. Mandal, H. M. Nehrir, A. Bhuiya, and R. Baker, “A Hybrid
Intelligent Framework for Wind Power Forecasting Engine,” 2014 |IEEE

Electr. Power Energy Conf., pp. 184-189, 2014.

J. Shi, Z. Ding, W.-J. Lee, Y. Yang, Y. Liu, and M. Zhang, “Hybrid
Forecasting Model for Very-Short Term Wind Power Forecasting Based on
Grey Relational Analysis and Wind Speed Distribution Features,” |EEE

Trans. Smart Grid, vol. 5, no. 1, pp. 521-526, 2014.

L. Ran, “Forecasting of Wind Speed With Least Squares Support Vector

Machine Based on Genetic Algorithm,” pp. 358-361, 2011.

J. Shi, “Weighted Parallel Algorithm to Improve the Performance of Short-
term Wind Power Forecasting,” 2012 |EEE Power Energy Soc. Gen. Mest.,

pp. 1-6, 2012.

Y. Gao, “Economic Scheduling Based on Multi-objective Optimization

considering Wind output,” pp. 1401-1406, 2011.

107



[62]

[63]

[64]

[65]

[66]

[67]

[68]

A. M. Foley, P. G. Leahy, A. Marvuglia, and E. J. Mckeogh, “Current
methods and advances in forecasting of wind power generation,” Renew.

Energy, vol. 37, no. 1, pp. 1-8, 2012.

A. Tascikaraoglu and M. Uzunoglu, “A review of combined approaches for
prediction of short-term wind speed and power,” Renew. Sustain. Energy

Rev., vol. 34, no. JUNE, pp. 243-254, 2014.

J. Arshad, A. Zameer, and A. Khan, “Wind Power Prediction Using Genetic
Programming Based Ensemble of Artificial Neural Networks (GPeANN),”

2014 12th Int. Conf. Front. Inf. Technal., pp. 257-262, 2014.

S. S. Soman, H. Zareipour, O. Malik, and P. Mandal, “A review of wind
power and wind speed forecasting methods with different time horizons,”
North {American} {Power} {Symposium} ({NAPS}), 2010, no. September,

pp. 1-8, 2010.

Y. Zhang and K. Chan, “The impact of wind forecasting in power system
reliability,” Electr. Util. Deregul. Restruct. Power Technol. IEEE proc., no.

April, pp. 27812785, 2008.

M. Drahansky et al., “We are IntechOpen , the world * s leading publisher
of Open Access books Built by scientists, for scientists TOP 1 %,” Intech,
vol. i, no. tourism, p. 13, 2016.

V. Sohoni, S. Gupta, and R. Nema, “A comparative analysis of wind speed

108



[69]

[70]

[71]

[72]

[73]

[74]

[75]

probability distributions for wind power assessment of four sites,” Turkish

J. Electr. Eng. Comput. Sci., vol. 24, no. 6, pp. 4724-4735, 2016.

M. C. Alexiadis, P. S. Dokopoulos, and H. S. Sahsamanoglou, “Wind speed
and power forecasting based on spatial correlation models,” IEEE Trans.

Energy Convers., vol. 14, no. 3, pp. 836-842, 1999.

X. Zhu and M. G. Genton, “Short-Term Wind Speed Forecasting for Power

System Operations,” Int. Stat. Rev., vol. 80, no. 1, pp. 2-23, 2012.

K. Bruninx and E. Delarue, “A Statistical Description of the Error on Wind
Power Forecasts for Probabilistic Reserve Sizing,” vol. 5, no. 3, pp. 995~

1002, 2014.

A. F. Bizrah, “Load Reliability Analysis Using ARMA Wind Speed

Modeling,” pp. 1-4, 2015.

S. Ahmad, W. H. W. M. a, M. a Bawadi, and M. S. S. a, “Analysis of Wind
Speed Variations and Estimation of Weibull Parameters for Wind Power

Generation in Malavsia,” October, vol. 18, no. 4, pp. 476-482, 2006.

D. Villanueva, A. Feijoo, and J. Pazos, “Multivariate Weibull Distribution
for Wind Speed and Wind Power Behavior Assessment,” Resources, val. 2,

no. 3, pp. 370-384, 2013.

A. Bizrah and M. Almuhaini, “Modeling Wind Speed Using Probability

109



[76]

[77]

[78]

[79]

[80]

[81]

[82]

Distribution Function , Markov and ARMA Models,” pp. 1-5, 2015.

M. Guo, Z. Bai, and H. Z. An, “MULTI-STEP PREDICTION FOR
NONLINEAR AUTOREGRESSIVE MODELS BASED,” vol. 9, pp. 559-

570, 1999.

W. Penny and L. Harrison, “Chapter 40 : Multivariate autoregressive

models,” pp. 1-15, 2006.

A. Zeevi, R. Meir, and R. J. Adler, “Non-Linear Modédls for Time Series

Using Mixtures of Autoregressive Models,” pp. 1-49, 2000.

J. P. S. Catalao, H. M. I. Pousinho, and V. M. F. Mendes, “An Artificia
Neural Network Approach for Short-Term Wind Power Forecasting in

Portugal,” Intell. Syst. Appl. to Power Syst., pp. 1-5, 2009.

A. Agrawal and K. S. Sandhu, “Comparative Study Of Stochastic Wind

Speed Prediction Models,” no. 1, 2014.

H. Quan, S. Member, D. Srinivasan, S. Member, and A. Khosravi, “Short-
Term Load and Wind Power Forecasting Using Neural Network-Based

Prediction Intervals,” vol. 25, no. 2, pp. 303-315, 2014.

A. A. L. Kawam and N. Mansour, “Metaheuristic Optimization Algorithms
for Training Artificial Neural Networks,” vol. 01, no. 02, pp. 156-161,

2012.

110



[83]

[84]

[85]

[86]

[87]

[88]

[89]

M. Mao and Y. Cao, “Improved Fast Short-term Wind Power Prediction

Model Based on Superposition of Predicted Error.”

M. S. S. Hosseln Seifi, Electric Power System Planning Issues, Algorithms

and Solution. 2011.

W. Liu, Z. Luan, Y. Yang, R. Gan, and H. Zhao, “The Application of the
Improved Particle Swarm Optimization on Dynamic Economic Dispatch of

Power System with Wind Farms,” no. 1, 2015.

S. Gao, Y. He, and H. Chen, “Wind speed forecast for wind farms based on
ARMA-ARCH model,” 1st Int. Conf. Sustain. Power Gener. Supply,

SUPERGEN 09, pp. 14, 2009.

H. Aksoy, Z. F. Toprak, A. Aytek, and N. E. Unal, “Stochastic generation
of hourly mean wind speed data,” Renew. Energy, vol. 29, no. 14, pp. 2111-

2131, 2004.

F. Marzbani, A. Osman, M. Hassan, U. A. Emirates, and A. Noureldin,
“Hybrid GM(I,1)-NARnet One Hour ahead Wind Power Prediction,” pp. 2—

7,2013.

C. G. Justus, W. R. Hargraves, A. Mikhail, and D. Graber, “Methods for
Estimating Wind Speed Frequency Distributions,” Journal of Applied

Meteorology, vol. 17, no. 3. pp. 350-353, 1978.

111



[90]

[91]

[92]

[93]

[94]

[95]

J. Jung and R. P. Broadwater, “Current Status and Future Advances for
Wind Speed and Power Forecasting,” Renew. Sustain. Energy Rev., vol. 31,

pp. 762-777, 2014.

N. Amjady, S. Member, and F. Keynia, “Wind Power Prediction by a New
Forecast Engine Composed of Modi fi ed Hybrid Neural Network and

Enhanced Particle Swarm Optimization,” vol. 2, no. 3, pp. 265-276, 2011.

C. Zhang, C. L. P. Chen, M. Gan, and L. Chen, “Predictive Deep
Boltzmann Machine for Multiperiod Wind Speed Forecasting,” IEEE Trans.

Sustain. Energy, val. 6, no. 4, pp. 1-10, 2015.

J. P. S. Cataldo, H. M. |. Pousinho, and V. M. F. Mendes, “Hybrid
intelligent approach for short-term wind power forecasting in Portugal,” IET

Renew. Power Gener., vol. 5, no. 3, p. 251, 2011.

Y. Gao and H. Miao, “WIND POWER FORECASTING BASED ON
WAVELET NEURAL NETWORK AND PARTICLE SWARM

OPTIMIZATION,” vol. 2, pp. 2-5.

H. Shaker, D. Wood, and T. N. Alberta, “On Comparison of Two Strategies

in Net Demand Forecasting Using Wavelet Neural Network,” 2014.

112



APPENDICES

APPENDIX A: TURBINE POWER GENERATION PLOTS;

The plots were plotted using wind speed and wind power data obtained from
Kengen wind power plant and site from Ngong Hills.
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Mean Monthly Generated Power, AGO3
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Figure A.3: Turbine AGO3 power generated
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Figure A.4: Turbine AG04 power generated
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Mean Monthly Generated Power, AGO5
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Figure A.5: Turbine AGO5 power generated

Mean Monthly Generated Power, AGO6

800
600 -
400 -+
200 -

Power (kW)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

—+—Power

Figure A.6: Turbine AGO6 power generated
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Mean Monthly Generated Power, AGO7
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Figure A.7: Turbine AGO7 power generated
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Figure A.10: Turbine AG10 power generated
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Figure A.11: Turbine AG11 power generated
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Figure A.13: Turbine AG13 power generated
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APPENDIX B: NETWORK ARCHITECTURE CODES
APPENDIX B.1: The Narnet code:
close all, clear al, clc, format compact
%filename = '‘C:\Users\Victor\DocumentsMATLAB\Wind Power
Prediction\Project Preogress\WData.csv'

data = readtable('Data.csv','ReadV ariableNames ,true);

N = 41703; % total number of wind speeddata points

Nu = 8000; %the number of learning extracted samples

% data processing
y = data AGGR,;

y = y(@l(~isnan(y),2),:);

%prepare data for the network
% training data processing
y_train = con2seq(y(1:Nu));
% validation data processing

y_va = con2seq(y(Nu+1:end)");

%Create the NonLinear Autogressive Network
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Input_Delays = 1:4; % input delay vector
Feedback Delays = 1:4;
hiddenLayerSizes = [5 10 5]; % network structure (number of neurons)

net = narnet(inputDel ays,hiddenL ayerSizes);

% Change the layer activation fucntions
net.layers{ 1} .transferFcn = 'tansig;
net.layers{ 2} .transferFen = 'logsig’;
net.layers{ 3} .transferFcn = 'tansig’;

net.layers{ 4} .transferFcn = "purelin’;

% create network
net.layerConnect =[0000; 1000;0100;0010];

net.biasConnect = [1; 0; 0; 1];

% Change the network parameters
net.trainParam.epochs = 1000;
net.trainParam.goal = le-5;
net.performParam.regularization = 0.5;
net.trainParam.Ir = 0.1;

% Datadivision for training

net.divideFcn = 'divideblock’;
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net.divideParam.trainRatio = 0.7;
net.divideParam.va Ratio = 0.15;

net.divideParam.testRatio = 0.15;

% training function

net.trainFcn = ‘trainbfg’;
%performance function
net.performFcn = 'mse’;
% Prepare the networks

[i,is,Lsts] = preparets(net,{} ,{},ytrain);

% train network

[net,tr] = train(net,i,ts|is,Ls);
view(net)

Y =net(i,is,Ls);

perf = perform(net,ts,Y)

% prepare validation data for simulation

y_initia = ytrain(end-max(input_Delays)+1:end); % initial values from training
data

% aggregated

[i,is,Ls] = preparets(net,{} {},[y_initid y_val]);
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% predict

predict = net(i,is,Ls);

% validate data

Yv = cell2mat(y_val);
% predict

Y p = cell2mat(predict);
% error

error=Yv-Yp;
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APPENDI X B.2: The Cascade Forward net code

rng default % for reproducibility

input =Yv;

target = Yp;

net_CFF = cascadeforwardnet(5,'trainlm’);
net CFF = configure(net_ CFF,input,target);
net_CFF.performFcn = 'crossentropy’;

net_ CFF.trainParam.Ir = 0.01;

net CFF = init(net_CFF);

[net_CFF,tr] = train(net_CFF,input,target);
view(net_CFF)

getwb(net_CFF);

I = net_ CFF(input);

error_Normal = input - i;

L2 = 0.5*sgrt(mean(error_Normal).*2);

Cost_Function = @(x)loss(x, net_ CFF,input ,target);

nvars = size(getwb(net_ CFF));

[X, err_N] = pso(Cost_Function,nvars);

125



net= setwb(net_CFF, x");

% get the PSO optimized NN weights and bias
Particle_weights = getwb(net);

%%o0btain the generating function for the cascadeforwardnet
net = configure(net,input,target);

view(net)

genFunction(net, net")
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APPENDIX B.3: The Narxnet Code
% create the network with delays

Input_Delays = 1:5:10;
Feedback Delays = 1:5:10;

Hidden Sizes=[105];

input = con2seq(i);

target = con2seq(YV);

% nonlinear autoregressive neural network

net = narxnet(inputDel ays,feedbackDel ays,hiddenSizes);
[X_sX i,A i,T_s] = preparets(net,input,{} target);

net = train(net,X_s T _sX i,A_i);

error_N = cell2mat(yp) - cell2mat(Ts);

view(net)

Y =net(X_sX i,A_i);

perf = perform(net,T_s)Y)

% validation data

y_initial = target(end-max(input_Delays)+1:end);
[X_sX_1,A_I,T_s| = preparets(net,{} {}.[y_initia input]);
% predict on validation data

%predict = net(Xs,Xi,Al,TS);

predict 2 = net(X_s,X_i,A i);
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Yt = cell2mat(input);

% prediction

Y _P = cel2mat(predict_2);

Net_c = closel oop(net);

Net_c.name = [net.name 'Closed LoopT;
view(net_c)

[X_c,Xi_cAi_c,T_c] = preparets(net_c,input,{ } ,target);

Y _closed = netc(Xc,Xic,Aic);

y_pred = netc(cell(0,12),Xic,Aic);
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APPENDIX B.4:The Particle Swarm code
function [x,err]=particleswarm(CostFunction,nV ar)

% CostFunction= Cost_Function
% n_Var= Number of Variables
tic

Var_Size=[1n Var]; % matrix variable decision size

Var_Min=-5; % Lower_Bound

Var_Max=5; % Upper_Bound

Max_It=60; % setiter_max

n_Pop=50; % set Population-Swarm-Size
we=1; % Inertial weight factor

we _damp=0.8; % Inertia welghtDamping_ratio
C 1=15; % Pbest Coefficient

C 2=15; % Gbest Coefficient

% set velocity constraints
V_Max=0.1*(Var_Max-Var_Min);
V_Min=-V_Max;

%% set the initial condtions
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EP.Pos=[];
EP. Cost=[];
EP.Veocity=[];
EP.B.Pos=[];
EP.B._Cost=[];
member=repmat(EP,n_Pop,1);
GBest.Cost = inf;
fori=1:n_Pop
% set Initial position
P(i).Position = unifrnd(Var_Min,Var_Max,Var_Size);
% set initial Velocity
P(i).Velocity=zeros(Var_Size);
% Eva

P(i).Cost=Cost_Function(P(i).Position);

% Update PBest

P(i).B.Position=P(i).Pos;

P(i).B.Cost=P(i).Cost;

% iterate GBest

if P(i).B_Cost<GBest.Cost
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GBest=P(i).Best;
end
end

B_Cost=zeros(MaxIt,1);

%% PSO Main Loop
for it=1:MaxIt
for i=1:nPop
% iterateVelocity
P(i).Velocity = we*P(i)._Velocity ...
+cl*rand(Var_Size).* (P(i).B.Pos-P(i).Pos) ...
+c2*rand(Var_Size).* (GBest.Pos-F(i).Pos);
% Add Velocity constraints
P(i).Velocity = max(P(i).Veocity,Vel_Min);
P(i).Velocity = min(P(i).Velocity,Ve_Max);
Y%lterate Position
P(i).Pos = (P(i).Pos) + P(i).Vel;
% apply the Mirror for velocity
IsOutside=(P(i).Pos<Var_Min | P(i).Pos>Var_Max);

P(i).Vel(IsOutside)=-P(i).Ve (IsOutside);

% Add Pos Limits
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P(i).Pos = max(P(i).Pos,Var_Min);

P(i).Pos = min(P(i).Pos,Var_Max);

% Evaluate
P(i).Cost = Cost_Function(P(i).Pos);
% Iterate Personal Best

if P(i).Cost<P(i).B._Cost
P(i).B.Position=P(i).Pos;
P(i).B._Cost=P(i)._Cost;
% iterate Global Best
if P(i).B.Cost<GBest._Cost

GBest=P(j)._Best;
end

end

end
BCost(it)=GBest._Cost;
disp(['Iteration " num2str(it) : Best Cost =" num2str(BestCost(it))]);

we_new=we*w_damp;

end

Best_Sol = GBest;
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x=BestSol.Position;
err=BestSol.Cost;

%% Display_results

figure;

%plot;

semilogy(BCost, LineWidth',2);
xlabel (lteration’);
ylabel(‘Best_Cost);

grid on;

toc
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APPENDI X B.5: Cost Function

function L2 = loss( wb,net, target, input)

% wb is the weights and biases row vector obtained from the PSO al gorithm.

% It is transposed when transferring the weights and biases to the network t.

net = setwb(net, wb');
% The net output matrix is given by net(input). The corresponding error matrix is
given by
error = target - net(input);
% The mean sgquared error normalized by the mean target varianceis
L2 = 0.5* sgrt(mean(error).n2);

%L 2 = mean(error.*2)/mean(var(YVv',1));

APPENDIX C: GENERALISED LEAST SQUARE REGRESSORS

Y,= By + Bix,+ & (C.1)
£, = peq + 0, (C.2)
Y. = By + Bixe+ pyi—y — pPBy— pPBix. + U, (C3)
Yo — oy = Bo(l — p)+ By(x.— px.)+ 9; (C.4)
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Y: =Y, =PV (C.5)

x5 = By(x.— px.) (C.6)
21 = Bo(l — p) (C7)
Y7 = Boxs + Byxi + 0, (eX:)
Y, = Bo—= Byxe =p(Yeoy— Bo— Bixeq) + 0 (C.10)
Yi= By + Buxy+ & (C.11)

V1= p?Y = {1— p2B + 1 — p?Byx; + 1 — p?s (C.12)

0_2

var(e;) = (1— p*)* var(ef) = (1 — p?) = G = ¢ (C.14)

pa
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APPENDIX D: DURBIN - WATSON TEST

Hy:p=0 orHp=0

\-'T_ (a2, BL
M= o T Al [—a- (Dl)

M can be expanded and simplified into a quadratic equation as shown below:
M=1+1—2d* =22(1— d%) (D.2)

Equation 9D.2 has regions of operation and is therefore bound within the said

region.
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APPENDIX E: THE GEOMETRIC LAG

Y, = By + Z§=19061 Xe—n (ED)
EO - l—aé* (EZ)
Y.= By + Z?:iﬁN*“'r—N + & (E3)
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APPENDIX F: THE POWER LAW EQUATION OF WIND SHEAR

= _ ( 5 )“ (F.1)

Uref Zrgf

Where a is the height extrapolation coefficient, it can be determined using two

methods commonly found in literature as stipulated in 9F.2 and 9F.3

Method 1: From the reference values;

0.37-0.088ln (urgr)

*= 1—0.088ln {xzs"] (F2)
Method 2: Using the roughness length;
a = 0.24+ 0.096log,yz, + 0.016(log,,z,)* (F.3)
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APPENDIX G: WIND FARM ENERGY YIELD
These equations determines the total energy generated from a given wind-farmin a
given year , calculated from wind_speed distribution curve and the wind turbine

power_curve.
Mean power = E[power produced] = f::uw:"“r velocity p (v) f(v)dv (G.1)
~ Zw:’nd chzssP (T.?) h(vj (GZ)

Where h(w) isthe probability that the wind class of that nature will blow.

E[power produced] = P

sean X Time X Availability =
-uTEw:'nd class P(l}")h(ﬁ)

(G.3)
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APPENDIX H: WIND FARM PLAT CAPACITY-FACTOR
This is the rate at which the farm operates at the rated capacity. It is given as

follows;

actual emsgy produced __ Elenergy produced) (H 1)

hypothetical energy produced - rated powsr <Time

Capacity factor =

Typical capacity factors lie between 0.15 and 0.3
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APPENDIX |I: PERFORMANCE METRICS

APPENDIX |.1: MEAN ABSOLUTE ERROR

10
MAE(i) = EZ lerr(t+i|t) |
t=1
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APPENDIX I.2: MEAN SQUARE ERROR
o lerr(t+ i)’
M-—n

MSE(i) =
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APPENDIX |.3: MEAN ABSOLUTE PERCENTAGE ERROR

M
100~ |Power_err(h +i|h)|
Mean_power

MAFPE =

Rr=1
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APPENDIX |.4: SUM OF SQUARED ERRORS

N
SSE = Z(ﬁh — p)°
h=1
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APPENDIX |.5: STANDARD DEVIATION ERROR

|
SDE = = Z (pred_err, — mean_err)?

1

mean_err = — E pred_err,
M £Lp=q

1 i
pred_err, = Ezthred_powerh — acctual_power,
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