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Abstract

Thisthesispresents a analytical and numericilamework for theunified probabiligic
assessment of wind reserves with a focus on the applications of wind generastemied
microgrids. A multivariate nonparametric kernel density estimation algoritipmomosed
to generate probabilistic models af s iwine @source, electrical demand ath
performance ofinstalled wind generation. These models are numericatiynioined to
evaluate the capability of wind geneoat to act as a dynamic reserg predicing its
performancewhen used fordemand response, secondary generation and frequency
regulation in an islandednicrogrid The proposed modeling frameworkaptures
multivariate crossorrelation, nonstationary environmental and load behaasowell as
multimodality in their underlying probability distributions. A case studyisductedising
field data from Cartwright in orddo validate the proposealgorithms. The case study
results include probabilistioredictons ofwind generation effectiveess for varying load
profiles and generatiortapacity PLEXIM simulation software is uset implement a
model microgrid to demonstratbe integration of wid generation and its regulatory
capabilities. The proposed algorithm has applications in power system planning and
operationand it providegrobabilistic data for use in energy management and optimization

of microgrids.
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Chapter 1: Introduction

Wind energyis asignificant and increasing componenigtdbal electricitygeneration.
Continuing concerns regardigjmate change, air pollution arnlde futureavailability of
fossil fuels arenfluencingthe global electricity market towards an increased contribution
from renewable energpdvances irthe electrical and mechaniaaind turbineassemblies
(including larger, more efficient and cheaper des)gnesearch intoenergy storage
techrology, continued improvements in the design and control of power electronic
convertersas well as steady improvements in electrical machiree/ continually
improving the practical and economic feasibility of wind generatiorgeneral, a wind
generationnstallationfalls into two major categorigstransmission connected (where the
wind energy output is connected to a large grid through transmission infrastructure) and
islanded (where the wind energy supplies a local distribution grid). Transmission
comected systems are generally in the form of large wind farms, operated by industry to
supply energy to utilities. Islanded wind energy systems are used to provide energy to

remote communities that are isolated from the transmission system.

Transmissin-connected wind generation is a relatively mature field, with large wind
farms being constructed throughout the windier regions of the world. However, a
considerable fraction of the world population remains isolated from transmission grids
instead beingsupplied by islanded microgrids smaller electricity distribution systems

which cannot access transmission infrastructlihe installation of wind generation into



these islanded microgrids presents a unique set of technical chall@mgesack of
transnissiontlevel connection requires theicrogrid to fully supply the loagside active
and reactive power demand. Suboptimal design has a magnified effect erotimenic
performance power qualityand reliability of islanded microgridsAdvances in wind
geneation has made it cost and performanoenpetitive with conventional generation in
transmissiorinterconnected system$he economic benefif wind energyin islanded
microgridsis mantained- the hgh cost of fuel transportation and reduced efficieoty

smaller, distribution scale generators offsets the technical challenges inherent to the system

topology.

The installation of wind energy into islanded microgrids is defined by its applications
within the larger system. Powetectronic interconneéed wind generation has fast active
and reactive power ramping capability, leading to applications in microgrid frequency and
voltage regulation. Islanded microgrids are especially susceptible to contingencies
requiring this regulatory action due to a latkhe stabilizing influence of the transmission
grid. In addition, many microgrids have highly variable demand profiles due to intermittent
commercial and industrial loadgich as mines, processing plants or mills. Therefore, wind
generation is also wWesuited as a dynamic reserve for demand response and peak shaving.
However, the chaotic and intermittent nature of wind generator output requires
considerable engineering effort with respect to microgrid integratanning the
integration of wind genation into an islanded microgrid requires algorithimet predict
power system performanderingany reasonable operating condition. The demand profile

and wind energy availability must be modeled to allow optimization of system



configuration. Currentesearchin this field focuses on deterministand probabilistic
modeling, where techniques such as macheaening algorithmsnd statistical tools are
applied fordemand and wind power forecasting to predict future system bela)4&.

These methodgabest suited for short term planning of existing systems as opposed to the
assessment of lortgrm reserve capability. Machine learning is computationally expensive

and unreliable during uncommon conditighatdiffer from previously extracted features.

The drawbacks of deterministic modeling can be addressed by probabilistic approaches.
Probabilistic power system planning estimates firebability of various system
contingencies through analysis of the space of possible system behaviopr8limmaary
research habeenconductedn this area, including probabilistic demand forecastizlg [
and studiesnthe effects of winebased demand response on existing transmission system
[3], [5]. However, none of the previous studies focused on developing a probabilistic model
combining demand profile and wind power availability for demand response and frequency
regulation in islanded microgridé. unified probabilistic framework for the probabilts
assessment of wind reserves for applications within islanded micrdgridseded to
address these deficienci@he proposed methodology will be validated usinglytical
and numerical simulation#s a final method of validatiora case study usinfigld data
from an islanded microgrids conducted to evaluate the use of wind generation as a
dynamic reserve, including its probabilistic performance and physical implementation

within the existing electrical generation and distribution system.



1.1 ThesisObjectives

The continued push towards the implementation of renewable generation in
combination with advances in microgrid control and operation technology has created a
need for addition research in the integration of wind reserves intdéslanicrogrids. This
thesis seeks to provide improved probabilistic wind reserve assessment algorithms for use
in islanded microgrids, including advanced multidimensional wind resource models,
probabilistic wind reserve assessment techniques, studiemiatogrid topologies and
control as well as a case study which validates the utility of the proposed methodologies.
The overarching objective is to provide an analysis and modeling framework for the
probabilistic prediction of the performance of an iskhdhicrogrid when wind generation
is installed as a dynamic reserve, allowing analysis of the feasibility of wind as well as

providing a starting point for system optimization.

1.2 List of Publications

The following publications are related to work inahaldwithin this thesis:

[1] Little, M. , Rabbi, S.F,Pope, Kand Quaicoe, JiA Novel Probabilistic Assessment of
Wind Reserves for Demand Response and Frequency Regulation in Islanded Microgrids

In IEEE IAS Annual Meetingincinnati Ohio, October"®5", 2017.



[2] Little, M. andPope, K, "Performance Modeling for Wind Turbines Operating in Harsh
Conditions",International Journal of Energy Researdbarly Access, Publisheflugust

17", 2016

[3] Little, M. and Pope, K"Modeling Wind Turbine Performance with Recursive
Parameter Estimation”, i8SME International Congres«elowna, BC,June 28-29",

2016.

[4] Little, M. andPope, K, "Frequency Domain Analysis for the Statistical Assessment of

Wind Resources", itCECE Vancouver, Canadijay 15"-18", 2016.

[5] Little, M. andPope, K, O Model i ng Seasonal Wi nd- Resou
Il nfluenced Humi d CoNewfoundtandt EectricaC &nd iBantpeter 6 i n

Engineering Conference St . JINokembes4, 20M6L

1.3 Thesis Organization

Thisthesis is organized asseries oChaptes, each covering a separate aspect of wind
reserve assessment and its application into islanded microgrids. Literature surveys are
included within each individua&hapterto improve the compartmentalization of the thesis
and allow a reader to conducthare focused study into each aspect of the overarching
theme of wind reserve assessme@ttapterl introduces the thesis and includes the thesis

objectives and organization. The remainder of the thesis is organized as follows:



Chapter2 presents a novel mudimensional probabilistic wind resource modeling
framework. Existing wind resource modeling techniques are reviewed, including
Weibull, nonparametric and multivariable mixture models. Deficiencies in these
methods are identified and addressed by the denedat of a timevariant,
multivariate nonparametric probabilistic modbht includes the effects of both
wind velocity and air densitoth time and frequenegomain analysis techniques
are used to identify statistically significant nonstationary behawithin the site
wind regime, allowing probabilistic models to be credteat maintain accuracy
throughout the modeling periodhe developed modeling framework is validated
using sample data and shown to produce a superior probabilistic fit in camnparis
to existing techniques, providing probabilistic predictions of wind power density,
wind turbine output and the likelihood of various environmental contingencies.
Chapter3 presents a novel wind reserve assessment algdidgthuse in islanded
microgrids. The modeling methodology presenteddhapter2 is extended to the
analysis of electrical demand data. THemand profile is probabilistically
organized, identifying the base, secondary and peak demand including its
probabilistic time-variance. The previously developed wind resource model is then
combined with this demand profile using a novel probabilistic algorithat
identifies the timevariant probability of adequate wind reserves for applications
such as frequency refgtion, demand response and peak shaving. The information
provided by this modeling algorithm is shown to be fundamentally different from
standard deterministic approaches and has applications in power system planning

and microgrid operation.



- Chapterd presents a reviewf the analytical and numerical modeling of islanded
microgrids. The nature of distributed generation, microgrid topologies and the
principle of islanding is reviewed. Subsequently, microgrid operation and control
techniques including gritbrming, grid synchronization and the interconnection of
distributed generators are investigated and implemented within a PLEXIM
simulation environment. The use of drelb@sed microgrid support using power
inverters is also reviewed with a focus on usivigd energy as a dynamic reserve
for microgrid stabilization. The interconnection topologies for various wind turbine
designs are overviewed, with the Diréative PMSG wind turbine identified as the
optimal topology for use in islanded microgrid$ie cortrol and grid connection of
this turbine design is investigated, including béakack converter control, LCL
power filters and DC Link voltage stabilization. The simulation environment
presented in thihapteris designed for use in evaluating the perfance of
dynamic wind reserves]lowing sitespecific case studies to be conducted.

- Chaptel5 conducts a case study in probabilistic wind reserve assessment using data
from Cartwright, a remote community in Labrador. As an islanded microgrid,
Cartwrightdods unique demand and wind r
algorithms and methods pesged inChaptes 2 and 3 to evaluate the ability of
wind generation to act as a dynamic reserve for demand response, peak shaving,
microgrid frequency regulation and/or microgrid voltage regulat®ignificant
time-variance in the probabilistic wind rese is identified and correlated with

seasonal and diurnal cycles. The effects of different wind turbine designs and



capacity amounts are also investigated, producing a-uariant probabilistic
power balance model which allows quantification of the tastiwind reserve.
Chaptei6 concludes the case study presenté&thapte5 by implementing a model

of Cartwrightés microgrid in a PLEXIM
used to implement demand response, dilwaged frequency regulation and vo#ag
regulation using the control and simulation topology presenteéchapter4. In
addition, the power electronic based control of a dideiste PMSG wind turbine

is implemented to demonstrate the required interconnection topology for wind
energy installabn. The simulation environment verifies the wind reserve
applications presented in the previoGhaptes, validating the utility of the
probabilistic assessment algorithm by demonstrating the design applications when
implemented in islanded microgrids.

Chapter7 concludes the thesis, reviewing the thesis contributions and presenting

avenues of future investigation.



Chapter 2: Analysis and Probabilistic Modeling of Wind
Resources

2.1:Introduction

Wind energy a significant and increasing compurte global renewable generation.
Concerns of climate change, air pollution and felsl availability is influencing
continued wind turbine installation. Additionally, advances in wind turbine design
(including size and efficiency), energy storage tedtbgy and power electronics are
continually improving the practical and economic feasibility of wind generation. The
installation of gridconnected wind energy systems (WES) falls into two major categories
transmission connected (where the wind enerdgyuius connected to a large grid through
transmission infrastructure) and islanded (where the wind energy supplies a local
distribution grid). Transmissieoonnected systems are generally in the form of large wind
farms, operated by industry to supply &geto national utilities. Islanded wind energy
systems are used to provide energy to remote communities that are isolated from the
transmission system. The economic benefit of islanded wind energy is magnified by the
high cost of fuel transportation, céug increased financialiability and reducing

environmentaimpacts

The development of islanded wind energy systems (IWES) carries a unique set of
challenges. The lack of transmissi@vel connection requires the IWES to fully supply

the loadsideactive and reactive power demand. Suboptimal design has a magnified effect



on the performance of the IWES. The twagiant, intermittent wind resource must be
accurately modelled and compared with demand. Probabilistic contingencies must be
evaluated toensure reliable system operation and the performance of IWES must be
predicted throughout the life of the system to allow design and control optimization. At a
fundamental level, IWES design and optimization requires an accurate, probabilistic model
of the timevariant site wind resource capable of predicting wind turbine power output

throughout operation.

2.2: Wind Resource Modeling Overview

Wind resource modeling is the process of determining the statistical properties of site
wind observations and predicting their effects on wind turbine perform@fiod.resource
modelingis conducted using varying methodologies with the inteoptimizing thewind
Energy SystemWES) design. Prdeasibility studies [J-[6] are conducted by simulating
system profiles (including generation, storage and demand modeling) to determine the
economic and practical feasibility of wind generation instaltes. A very wide range of
potential WES designs exist [7, 8], including both wordy renewable generation, hybrid
wind/ solar, wind/ hydro as well as more esoteric options such as ibramass and solar
/ biomass. Each WES design presents unigadleriges with respect to grid connection,
system configuration and design optimization. The WES design process requires a detailed

model of system performance. This is accomplished through component modeling [9]
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followed by system design, simulation arqtimization [1Q, [11]. Using this method, the
economic and technical behavior of system components are input into a series of
optimization equations and performance constraints. Conditions such as renewable
fraction, unmet load, storage requirements astiesn capital cost are used to evaluate the
viability and performance of the WES. Recently, advanced optimization techniques such
as genetic algorithms, artificial neural netwoskslfuzzy logic have been used to obtain

an optimal system design [t[13]. While the performance of these optimization
algorithms is generally sufficient, a common limitation is the lack of an accurate simulation

of each hybrid systembs performance over

At a coarse level, wind energy atlases][1%6] detail global wind energy potential,
suggesting regions worthy of further investigation. Probabilistic models such as the
Weibull Distribution [171[20], approximate the longeriod wind statistics, with
parameters selected using either probabiligtaximumlikelihood [21], percentile
estimation [22]) or direct (leasguares) estimation algorithms. The model estimates
annual energy production and the capacity factor of an installed wind turbine. Additional
techniques such as Fractional Weibull wlsttion modeling [23] and disbution
suitability analysis [24, Z5fit site-specific distributions that represent RAdfeibull
behavior. This type of singldistribution wind resource modeling is widely used for initial
site selection and feasibility dgais. However, additional environmental variables such as
air density and Reynolds number influence wind turbine performance, inducing significant
model error. Bivariate wind density distribution models [2428] correctly assume a

correlation between wd velocity and air density, producing a more accurate estimate of
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wind turbine annual energy productiarhese models can be used to predict wind turbine

performance given knowledge of their aerodynamic characteristics.

2.2.1: Wind Turbine Behavior

Wind turbines are nehinear, multivariate systems with varying performance depending
on local aerodynamic condition (turbulence, wind shear and wake effects, etc.). The effects
of these conditions are difficult to measure, exhibiting tirmgance andmultivariate
interaction. It is not feasible to construct an operational process model that includes
parameters representing all operational variabMs.e n model i ng a siteobs
major effects are attributed toind velocity, air density, thewid t ur bi neds mec
rotation speed anithe associatethechanical torquélhe former two factors influence the
energy availablé the latter define operating regions where this energy can be safely
extracted. The interaction between these variables must be modeled to allow air density
performance correction, analysis of wind ahend turbulence effects and eventual

modeling of wind turbine electrical characteristics based on aerodynamic performance.
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Rotor dynamics formulation

The total power available from the wind is calculated by the total kinetic energy passing

through the turbine within a given time interval. The available power is

6 _ 6 ” Q) (1)

where” , A, v, andC, represent the air density, turbine swayga, wind velocity and power
coefficient, respectivelyThe wind velocity and air density are assumed to be constant
across the swept arda shear and turbulence must be modelled numerically using
computational fluid dynamics (CFD) software. For the psgsoof wind resource
modeling, bade element momentum theofBEM) [29] is sufficiently accurate. BEM
theoryintegrates the aerodynamic force along the turbine blades to predict shafta®rque

a function ofwind velocity, rotationaspeed and thewindturi nedés ai rfoi |l geo

Y -7 @ 6101 Q& 0 M Qi @
wherec, B, Vrel, * represent the chord length, number of blades, relative wind velocity and
angle of relative wind. The variabl€ andCpa r e t h dlift amd dralg ooefliciergs,
generally obtained from manufacturer test data and/or CFD stddiesntegral limits are

the turbine hubr(= 0) and the blade tig € R). The relative velocity can be expressed in

terms of the wind velocity, radial positi@amd turbine angular rotational velocity
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where—represents the angular velocity. The angle of relative wimngla function ofVre

andr and depends on the physical design of the turbine blade (including blade twist). The
blade pitch angleb, affects the angle of relative wind. Furthermore, the lift and drag
coefficients are functions of the angle of relative wind @nd-r andb. Completing the
definite integral in (2) results in the turbine output torque being a funofig R, —andb,

in addition to}, c andB.

Theanalyticaleffects ofv and—can be combined intadimensionlesparameter the

tip-speed ratio_():

-y (4)

This assumption is verified by a numerical study of large wind turb8@shdsimplifies

analytical analysis of wind turbine performantée aforementionedghaft torque;yY

is related to the angular blade acceleration
Y 0— (5)

whereJi s t he tur bi neds.Usiog tlerelaton ewveddrque &nd i ner t

power, the shaft power is related to the angular acceleration and angular velocity
0 0— (6)

(6) can be combined with (1) and (4) to relate the dynamic performance of the wind turbine

to theenvironmentabperating conditions,
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8" Y — (7)

Rearranging, the instantaneous angular acceleration can be expressed as a function of
the turbine efficiency, radius, air density, rotational speed argp8pd ratio. Removing
all variables except angular acceleration from tfteHand side, the following equation can
predict turbine rotor dynamics9p
0" "Y—
ol

(8)

The relation presented in (8) identifies the dynamic relation between wind turbine
performance and environmental conditiorihis relation bridges the gap between
environmental conditions and wind turbine performance, allowing the dynamic behavior

of a wind turbine to be modell ed given kno
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2.3: Probabilistic Modeling of Win&¥elocity

The prediction of wind turbine performance requires substantial knowledge of the
statistical properties of the wind velocity. At a fundamental level, wind is a chaotic process.
From moment to moment, the measured wind velocity can unprelgiotary due to
influences from terrain, structures and simple fluid interactiogprocesses which are
difficult to observe and even more difficult to model. However, the wind is a physical
process which obeys a set of governing equatioesergy suppliedyy the solar flux is
dissipated by kinetic and thermal processes throughout the atmosphere. While deterministic
prediction is difficult, this underlying dependence leads to the statistical modeling of wind
velocity as a random variable, defined by a philigt distribution and autocorrelation
function. Probability distributions are functions expressing the likelihood of encountering

any particular value of a random variable given independertdisomptive observations.

In general, probability disbution modeling uses parametric distribution functions.
These probability distributions are defined as clefeeoh analytical functions involving a
small number of free parameters. The Weibull, Rayleigh and Lognormal distributions
(among othershpelong b this distribution type. Parametric distributions such as these are
simple to model, reasonably easy to fit to a dataset and can easily be subjected to analytical
statistical techniques such as MAE, MAPE or RMSElfiiseness analysis or various data
trarsforms. However, the solution space defined by parametric probability distributions is
limited by their requirement for closddrm analytical expressions. Multimodal, discrete

or discontinuous probability density functions are not easily modelled pareaiigir
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Instead, numerical techniques have been developed to produce nonparametric probability

distributions. The most commonly used such method is Kernel Smoothing.

The Kernel smoothing distribution [3provides a close approximation to an observed
probability distribution by modeling each data point as an instance of a base Kernel
function. The kernel functioK can be the Gaussian distribution, a triangle, box, or one of
various other parametric distributions. The Kernel distribution is develmpsdmmation
of all kernel instances produced by the dataset, developing the following functional form
MQUFQ —B 0 0 U TQ W
whereN is the nunber of discrete dataset samplisis the kernel function anld, is the
bandwidth smoothing parameter. For further analysis, it is assumed that the standard
normal (Gaussian distribution is used as the Kernel smoothing furicaonappropriate

selection or datasets which are relatiyelose to Gaussian in nature:

O USh, =07 p Tl
wheree and(i represent the sample mean and standard deviation, respectivedyaiidherd
deviation of the kernel function is referred to aslthadwidth- it influences the bias and
variance of thdinal probability distributionestimate Proper bandwidth selectiaa vital
to avoid over or underfitting the sample daasumingthatthe actual sampléistribution

is Gaussian (or similar) and using the Gaussiamkl function, the optimal banitth can

be approximated as [B6

Q — PP
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where, isthedataet 6 s st andakNid thedatasetssize. \Whenisdange,
accurate bandwidth optimization is possible withdutowledge ofthe underlying
distribution [3§. For nonrGaussian distributions, numerical bandwidth estimators are

required to ensure an accurate distribution fit.

Figure 2.1 displays a nonparametric kernel smoothing distribution fitted to the wind
velocity dataset. Using a Gaussian Kernel function and a smoothing bandwidth of 0.7408,
an extremely close fit is observed. Unlike the previously investigated parametric
probability distributions, the kernel smoothing algorithm successfully matches thieroca
and magnitude of the distribution mode. In addition, the slight multimodality evident within
the dataset is captured, with small secondary peaks evident at wind velocities near 5 and 15
knots. Finally, the nonparametric distribution accurately moithelprobabilistic roHoff
observed at high wind velocities. As this region holds the majority of the available wind
energy, accuracy here is paramount. Nonparametric distributions are vulnerable to
bandwidth errors, however they are suitable for wind arglcanalysis due to the large

number of data samples and continuous nature of thelyimdgprobability distribution.
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Figure 2.1 A Nonparametric Distribution Wind
Velocity Model

2 4. Bivariate Modeling

The numerical prediction of wind turbine performance involves the calculation of the
expected output power. Generalizithgg wind turbine efficiency [3%nd environmental

variables as tim&ariant functions, the instantaneoudpu power can be exgssed as:

noo gé 0" 080 0 oc
whereCp(t), } (t), andv(t) represent the instantaneous power coefficient, air density, and

wind velocity, respectively. The variabler e pr esent s t h e Thisuetation ne 6 s

indicates that the site air density is important for wind resource modeling, having a
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significant effect on both the available wind power, the general wind power densityeand
captured power of an operational wind turbine.

The timevariant power coefficienTy(t) is difficult to analytically predict, varying with
turbine rotation speed, bl adevelpcitytf404l.angl e,
This issue has beaddressed bwind turbine manufacturers. The performance of each
wind turbine design isxperimentallymeasured, resulting aperformance function known
as apower curve The power curv®c(v(t)) relates the windurbined s  s-statepovegr
output tothewind velocity. The power curve is taken at a standard air detsityiding
the effects of air density and substituting the wind turbine power ctimgayind turbine
power outpuexpressiomeduces to:

n o mOu 00 po

where the air density is normalizdry the base manufacturer value (normally 1.225
kg/m®and both variables expressed as functions of tinusing the ideabas law [42

approximation, the density tiieair can be expressed as:

©

U

. AD i :
Y Y P

where} is the air densitypq is the partial pressure of dry aMg is the molecular mass of

dry air,pvis the vapor pressure of water vapour Bhds the molecular mass of water. The
variablesRy andT represent the universal gas constant and temperature, respectively. The
partial pressure of water vapour is related to the saturation vapor pressure aeltikie

humidity as follows:
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no'yn pu
where R4 is the relative humidity angvsatis the saturation water vapor pressure. The

saturation pressure of water vapor is a function of tempetatnd is approximated as [42

8

N O pFIPp T B PO

The partial pressure of dry ajdf is the remaining pressure whpgatis subtracted from
the measured barometric presspréf the dew point temperature is available, the vapor

pressure can be calculated as:

8

n op&xgpm 8 P X

Substituting Egs. (22) to (2nto Eq. 1) the turbine power outputan beexpressed as:

8
8 z 8

n o pu

Equation 26is used for the timseries predictin of wind turbine performance. It
includesthe effets of multiple environmental variables to imprga@ver outpuprediction

accuracy.
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The relationship between air density and wind turbine power output requires any
probabilistic wind resource modal be bivariate in nature, including both wind velocity
and air density. Air density data is probabilistically modelled to investigate the degree of
variation and the underlying probability distribution. Fig@radisplays both Gaussian and
Kernel distribdion air density models. The air density histogram displays significant
probability density between values of 1.14 and 1.35 kg/na significant degree of
variability. Probabilistically, a Gaussian distribution is the best parametric fit. However,
the nomarametric Kernel distribution more accurately reflects the true probability

distribution. The degree of variability evident combined with its probabilistic behavior
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Figure 2.2 A probabilistic model of Air Density
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indi cates that a full, bi vari ate model mu

resource.

2.5: Analysis of Nonstationary Behavior

Previously, probabilistic analysis has been conducted with the assumption that both
wind velocity and air density data are stationary sigrfalstationary signal has constant
statistical propertie§ a stationary random variable can be defined using the same
probability distribution regardless of the time of observation. This assumption significantly
simplifies probabilistic analysis, reduciregwind resource model to a single bivariate
probability distribution. The assumption of stationarity must be investigated to ensure its
validity 1 otherwise important information is lost when modeling the wind resource. As the
model dataset is comprisedf @nvironmental measurements, subsets are drawn
corresponding to measurement periods at diametrically opposite seasonal and diurnal
phases. Noistationary behavior is most likely to present itself by comparing these
extremes. A nonparametric kernel distttion is fitted to four 244lement wind velocity
subsets, with the resulting distribution compared to that of the entire €3&2ént dataset.

In addition, the first four empirically determined distribution moments (mean, standard
deviation, skewness drkurtosis) are compared. Any variation among these parameters

indicates norstationary behavior.
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Figure 2.3displays the Kernel distribution fits of each dataset, calculated using the
smoothing bandwidtd et er mi ne d fksdenslt flrictBAS]s Significant
variation is evident between each subset and the primary dataset. Two distinct distribution
groups are eviderfitSets2 and 3 are probabilistically similar, as well as sets 4 and 5.
Interestingly,Setl (the complete dataset) appears ta #pe difference between the two.
Based on the observation times, this suggests a seasonal pattern is present in the
probabilistic model of wind velocity, superimposed on a weaker diurnal signal. However,
while these patterns can be surmised based adigtréoution fits, a more rigorous

analysis is required to validate their presence and to deteetdalitional periodic

patterns.
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The degree of observed probabilistic variance is digplag Table2.1. The mean,
standard deviation, skewness and kurtosis of each distribution is calculated and compared.
The mean wind velocity shows significant variation across the datasets, ranging frém 10.4
for set 4 (corresponding to early morning ie summer) to 145in set 3 (corresponding
to late afternoon during midinter). The diurnally opposite equivalents have mean values
of 12.22 and 134 respectively. The entire dataset has a mean value & Ex8entially,
the mean wind velocity is higi during the winter months. Similar behavior is evident in
the standard deviations, skewness and kurtosis data, indicating that the shape of the wind
velocity probability distribution significantly varies over time. The standard deviation
ranges from 4.7 7.34, indicating a large temporal change in wind velocity variance. The
distribution skewness values are always positive (indicating asKeftted probability
distribution with a long right tail) and large enough to indicate significant asymmetry in th
wind velocity. The distritution Kurtosis varies from 2.6 4.5, indicating timevariance
between platykuritic (kurtosis < 3) and leptokuritic (kurtosis > 3) behavior. The Kurtosis
values suggest the frequency of outliers, indicating the likelihoddrofging wind events
or periods of prolonged calm. In all cases, the degree of statisticavamaace indicates
that further investigation of nestationary behavior is required. This analysis is conducted

within the frequency domain.
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Table2.1: Distribution Moments of Wind Velocity Subsets

Observation Set | Mean Std. Deviation | Skewness | Kurtosis
1 (N =43824) 12.9274 6.5713 0.7185 3.6046
2 (N =244) 13.8648 7.3054 0.4156 2.6218
3 (N = 244) 14.5082 7.3403 0.6590 3.2654
4 (N = 244) 10.4877 4.7941 0.3748 3.1735
5(N = 244) 12.2213 5.0950 0.6588 4.5378

2.6: Frequency Domain Analysis

The nonstationary behavior of wind velocity requires augmented-varmant
probabilistic modeling algorithms. Thatatistical properties of an environmental data set
(such aswind velocity andor air density are timevarying and chaotic. To analyze
nonstationary behaviorenvironmental datacan be modeled as a general discrete
nonstationary dataset(n), comprised ba stationary base datasei(n), with nonstationary
behavior modeled as superimposed periodic featutass ¢ Fhe ronstationary variance
periods U1€é G, which exist withinx(n) must be identified to allow probabilistic modeling
algorithms to accurately reflect nonstationary behaviereliminary work in the

identification of wind vebcity variance [4ftidentified considerable turbine performance
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variance occurring throughout theurse a seasonal ¢gcA frequencydomain study [4p
defined wind turbine power spectra spanning hourly and daily timescales. An analysis
framework based around widand frequency domain study of a large environmental
dataset is capable of identifyingnd quantifying any periodic variance contributors,
allowing more advanced timeriant probabilistic analysis of the nonstationary site wind
resource.Figure 2.4 presents a flow chart of the frequency domain analysis algorithm

presented in this section.
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Figure 2.4 A Flow Chart of the Frequency Domain Analysis Algorithm
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2.6.1: The DiscreteTime Fourier Transform

The discretetime Fourier transform (DTFT) is used t&xtract the frequency

spectrum of th@onstationary environmental datasét).

»Q DEXN “h nm Q O P W

whereV(K) represents the complex DTFT observation at pkianhdn the timedomain
observation indexThe DTFT is best suited for wideand frequency analysis, providing
superior frequency resolution at the expense of unnecessargdime analysisThe
DTFT frequency resolution determined by theataset siz& and thesample frequecy,

fs. The Nyquist sampling theorem limitise range ofletectable variance periods:
¢ -
0 n LQ CT

wherepvar is the variance periodf interest The observed vamge frequency indicesre
defined as:

b

‘ 3 .
0] - Tt €
5 cp

Q
The magnitude ah phag of the complex functio®V(k) detaik the periodic variance

contribution at the observation frequency.
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Figure 2.5 displays thesinglesided DTFT magnitudspectrum \With the DC mean
removed) of ar8-year wind velocity datasetomprised of the 5 yeafiom the previous
sectionwith the addition of the three previous yedrse larger dataset is selected to better
isolate annual or serainnual trends (if they exist)The range of vaaince periods is from
2 hours (the sample Nyquist period)8gears. In general, the frequency spectrum is a
combination ofL/f noise white noiseandKolmogorov pink noisg(f*3) with superimposed
random amplitude varianc&our significant variance cdributors are visually evident,
corresponihg to periods of 1 year, 1 dal2 hoursand 8 hoursThe tyea variance period
has the highesimplitude (of roughly knot on the singlsided FFT), indicating a large

seasonal variance signdlhe remaining spctrum peaks anelated to diurnal variande
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Figure 2.5 SingleSided Magnitude Spectrum of Wit
Velocity
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the presence of harmonics above the fundamentab@#signal indicates a more complex,
nonsinusoidal variance patterBtatistical analysis of theagnitudespectrum is required
to quantify andvalidate thee peaksensuring that they are not statistical artifacts and

allowing their use in probabilistic modeling

2.6.2: Statistical Analysis of Spectral Residuals

The generalfrequencyamplitude correlation within the wind velocity spectrunis
concealedy considerable random noise. The noisangxpectedoroperty ofrelatively
random and chaotic progsges with little auteegressive behaviar bandlimitation’i such
as environmental data logarithmic moving average algorithm (Eg6.- 32) is devebped
to remove the randomnoise, extracting the mean DTREquencymagnitude correlation
function The width of the averaging window is set to a fixed logarithmic distance, ensuring
that an equatatio bandwidth is used to produce the mean magnitudeiamotgardless

of the coreobservatiorfrequency.
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The removal of magnitle noise allows the presencestditistically significantvariance
frequencieso be evaluated through analysfghe spectral residual$hesetof logarithmic
distance betweereachDTFT magnitudeobservation and itsquatfrequencylogarithmic
meanis assumed to be a stationary random variable (due to the loss of time information
when using the DTFT) that has an associgtenbability distribution function The
assumption of randomness in theagnitude noisas verified through analyzing the
frequency atocorrelation function. Within the wind velocity magnitude spectrum,
frequenciesvith a significant contributioto the overall varianceill appeaias outlierdo

the associategrobability distribution.

Figure 2.6 displays a histogram of the magme residuals (in logarithmic form)
superimposed with a fitted probability distribution functidrhe residual distribution

closely approximatestavo-parangter extreme value distribution:
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whered is the logarithmic distance from the mepais the distribution location parameter
and Ue is the distribution scale parametdihe fitted extreme value distribution has a
location parameter of 0.082and a scale parameter of (622 This distributiontype is
asymmetrical about the mean and is related to the Weibull distribution through a
logaithmic transform. It represents the probability of encountering magnitude noise, of any
particular amplitude, at a specific observation frequency. The occurrence probability of
each frequency observation is calculated by substituting the residual maguhiinttethe
probability density functio®, 'Ot h, . Repeating this process over the entire single
sided DTFT producell/2 independent probability observations spanning the frequencies

defined in Eq. (8).
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The statistical significant of eh noise observatiocalculated to evaluaiés statistical

significance The pmagnitude is used to quantify this value

n & p 0 Qehh T Co
where pval(n) is the observation-palue. Residualsvith a pvalue less than 0Xare
considered statistically significanthey are significantly less likely than the largest outlier
expected from a dataset of size Nhe presence of any statistically sigrant noise

observationndicating that a periodic trend exists ietunderlying timelomain datavith

a period defined by the associated frequency.

Identification of any significant variance frequencies suggest the rapdoress
assumption of original filtering algorithm was violated. The logarithmic moving average
DTFT magnitude is disproportionately shifted towards the -higignitude outliersAn
iterative process is used where any statistically significant residuals are excluded from the
filtering algorithm, separating their contribution from the underlying noise behavior. The
value of FmeadK) is calculated using the remaining observatiortse Thagnitude of any
significant variance observation is corrected by subtracting thecated mean magnitude
from the original observation. The iterative process continues until a repeated residual
evaluation fails to identify a previouslynknown magniide outlier.The final identified

outlier frequencies represent the wind reg

Figure 2.7 displays the corrected logarithmic mean amplitude spectrum. The original
magnitude spectrum and the uncorrectedarithmic mean are superimposed. The

corrected logarithmic mean shows a smooth transition betweefmdquency 1/f noise (at
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periods greater than 4 months), white noise (at periods between 4 months and 4 days),
Kolmogorov pink noise (periods betweerddys and 6 hours) and higtequency white

noise (at periods less than 6 hours). The effect of removing the statistically significant
variance frequencies is visible, especially that due to the seasmtalvariability. The
frequency/magnitude behaviof the wind velocity data is a measure of the intermittency

in the wind resource, with the energy contained within each band a measure of the overall

wind velocity variability expected at different observation frequencies.

Table 2.2 displays the statistically significant variance signals, their probability of
occurrence and the resulting observatierapue.Signals with extremely low probabilities

of occurrence indicate that a ctt@ observation is unlikely, signaling a greater degree of
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Figure 2.7. Logarithmic Mean ofthe Wind Velocit
Magnitude Spectrum
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statistical significance.The iterative filtering algorithm identifies statistically significant

variance at observation periods of lagel day, 12 hours and 8 hours, with occurrence

probabilities 0f2.10x10%* 597101, 2.89<101%and1.51x108, respectively. Given the

sample size (N = 70124), these observations all haxadues significantly less than 0.05,

indicating statistical significanceThe identified statistically significant variance signal

correspond to a nearly sinusoidal seasonal variance signal with a superimposed, more

complex diurnal signal with harmonic distortion. Some minorsimchastic &riance may

exist atadditional freqencies, howevethe original wind data and DTFT algorithm lacks

the magnitude and frequency resolution to isolate them tharunderlying magnitude

noise.

Table2.2 Statistically Significant Magnitude Residuals

Index | Period (h) Probability P-Value
2923 24 2.89x1(0109 0
5845 12 5.97x1(0100 0

9 8766 2.10x10%  7.40x10%"°
8775 8 1.51x10®  0.000530
8759 8 1.56x10° 0.0533

The assumption of random, extrewedue distributed noise superimposed on the log

mean frequency spectruis verified bycalculating thérequency autocorrelation of both

the observation magnitudes and phases. F@@&displays the magnitude autocorrelation

signal. The maximum nepero lag autocorrelation is less than 0.2, with no significant
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outliers in correlation magnitie. Within the limits imposed by a finite random process
with banddependant variance, the autocorrelation signabisistent withthe assumption
that the magnitude residuals amecurately modeled as an extrewsue distributed
random variableTherefore, the wind velocity data is modeled (in the frequency domain)
as this random variablsuperimposed on the sigpecific large bandwidth variance

function.
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Figure2.9displays the identified statistically significant variance signals reconstructed
into the time domainThe signal amplitude determines the amount of varianbe signal
phase places this variance within the appropriat@al or diurnal) time frame. In this
case, a phase of 0 degrees corresponds to Jantianyd112:00 a.m., respectiveli
seasonal variability with an amplitude of 2 knots and a phase of rotgldggrees is
present, indicating a significant statistiegind velocity maxima which occurs during
December. The minima occurs during June, with a mean wind velocity value approximately
4 knots lower. The diurnal signal is more complex, with significant second and third
harmonics of variable phase distorting tinderlying sinusoidal pattern. The diurnal signal

has a peak to peak amplitude of roughly 2.5 knots, with a maxima at rdi®jpiy and a

3

—Seasonal Variance Signal
—Diurnal Variance Signal

Signal Amplitude (Knots)

0 90 180 270 0 90 180 270 0
Signal Phase (Degrees)

Figure 2.9 Spectrally Identified/ariance Signals
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minimum between §.m. and6 am. However, these are rough approximations of the true
nonstationary behavior. To idgfy the effect the identified variance has on the

probabilistic nature of the wind resource, a feature extraction algorithm is required.

2.6.3: NonstationaryFeature Identification

The frequency domain analysis algorithm identified statistically fogmi
nonstationary variance periqds a n d, caiiresponding to diurnal and seasonal patterns
A bivariate environmental dataset (comprised of wind velocity and air density data) must
be decomposed in such a manner as to isolate the effect of this nonstationary vanance.
model the diurnat y c | e v ar i a nicthe lemgihiN thivariateuetvimmmental
datasetw € w € , must span at least one full perjodl.. The datasetcan be
reconfigured from a discrete time series into an 2 matrix

6xp PEM wE QpTY
Y

dxpﬁfiﬁ; & & Q p” m € Y ¢ X

The feature extraction algorithm is applied recursively to capture joint probabilistic
variance existing at sufficiently spaced periods. Assuming the second variance contributor

Uz2has a periodY  ¢"Y,the following multidmensional dataset is generated:

w  AMhp w @ Q pYp
o H@RARK o @ 0 pYi Cy
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wherexg 1 ¢is a 4dimensional matrix. Each plane indexgd) containsn bivariate data

samples, providing the data organization required for probabilistic modeling.

2.7: Multidimensional Wind Resource Modeling

The joint probability distribution of two uncoteged random variables is calculated
analytically by multiplying the individual marginal distributions. In the bivariate (wind
velocity and air density) case, the result is a-tivoensional condition space with an
associated matrix of probability valueblsing marginal distributions calculated by

applying the unidimensional Kernel smoothing algorithm to each environmental dataset,
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Figure 2.1Q Simple Joint Wind/Density Probabilistic
Model
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the joint wind velocity/air density distribution is determined. Figr&0 displays the
developed probability distributiofhis distribution is strongly unimodal, with a peak at a
wind velocity of ~12 knots and an air density of ~1.25 Kg/fine occurrence probability
monotonically decreases with diapement from these conditions, with the effect of each
marginal distributionvisible within the overall shape of the bivariate distribution.
Assuming that wind velocity and air density are uncorrelated, this joint distribution

produces an accurate model of the site wind resource

The assumption of variable independenisetested by examining theorrelation
coefficient betweerach seasonal/diurnal subset of the environmental data. This process

examineghe timevariant correlation between the site wind velociig air density. Figure
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Figure 2.11 Wind/Density Correlatiomistribution
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2.11displays the distribution of correlation coefficients afidaussian approximation. The

wind velocity and air density datasets are negatively correlated, with a mean correlation
coefficient of roughly-0.2. The observed correiat coefficients range from 0 t®.4,
indicating a moderate (but significant) negative correlation between environmental
variables.The distribution does not include zero within 2 standard deviations of the mean,
strongly suggesting that the result idistecally significant.This correlation exists through
essentially all of the seasonal/diurnal subseticating that goint distribution model must
include variable dependence to accurately reflect the true site environmental conditions and
accuratelyestimate the wind resource. This is accomplished through the use of a

multidimensional, optimized nonparametric probabilistic modeling algorithm.

2.7.1: Multivariate Optimized Nonparametric Probabilistic Modeling

The kernel smoothing algorithnpresented earliecan be generalized to multiple
dimensions. Treating each data point as a-zewariance Gaussian distribution,na
dimensionaimultivariateKernel Density Estimate (KDE)an be expresdeas a Gaussian

mixture model [4§,

MQw B w 0 C W
where
¢ W W ¢t S Q | o
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represents the selected Gausskannel function centered at the poixt and with a
covariance matri¥d. The KerneDensity Estimate (KDE) is developed by convolving the
sample distributioffiz(x) with a Gaussiakernel that has a covariance mattix(thekernel

bandwidth) §7]:

"0 & e O o G p

The model is a multivariate approximation of the underlying probability density developed
by the summation ol Gaussian kernels centeratkach observation. The accuracy of the
KDE is dependent on thesrnel bandwidth. Appropriate bandwidth selection is vital to the

development of an optimal probabilistic model.

A popular method of evaluaty the accuracy of the KDI(x) is the asymptotic mean
integrated square error (AMISHEs presented in [43
500YOT §&G  Z¢ 0100 @ Qo oc
wheretr is the trace operatdBp(x) is the Hessian of the underlying multivariate probability

distribution and\lyis defined as47]

The optimal bandwidth of the KDE déeterminedoy minimizing the AMISE Matej et al.
[46] presenta online, computationally efficient method of bandwidth optimization which

is used to generatberequired KDEs.
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Figure2.12displays the effect of bandwidth selection on the KDE fitting algorithm. The
true PDFis generated as a summation of three Gaussian distributions with varying mean
and standard deviation parameters. For each distribution, 500 randomaposerated
and used as input to the univariate version of the KDE algoriys. (12-14).Three
bandwidthsare selected to demonstrate the effect on fitting accur@db, 1 and 4. The
smallest bandwidth shows clear o¥igting behavior, while the largest bandwidthows
significant underfitThe best overall approximation is shown by the KDE with a bandwidth
of 1. The optimal bandwidth viais based on thgquantityof samples and their underlying
distribution, and will tend to minimize the probability of over or unfiiing the true

distribution given a random, finite sample set.
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Figure 2.13 displays the bivariate kernel distribution generated using the total wind
velocity and air density datasets. It is observed that the distribution significantly departs
from the product of the marginal distributions, validating the observed correlatiale Wh
the distribution shape is similar, the actual joint probability values are substantially
different, covering a wider range of potential conditions and introducing secondary modes
to the general distributiorifThe more complex joint distribution modeloprdes more
accurate information for use in wind resource assessment and modeling. However, the
nonstationary behavior revealed in the previous sections must be taken into account. A
time-variant extension to this multidimensional probabilistic model dgired to fully
define the site wind resource.
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2.7.2: A TimeVariant Bivariate Wind Resource Model

The bivariate environmental datasei(f§ is passed through the nonstationary feature
extraction algorithm. fie previously identifiedperiodic variancdeatures U1 and(y, are

extracted from théollowing bivariate environmental dataset

G plplpds = G phlpdt
||” phDhDCkX ~ 7 ph’ﬁ)cb "
Y E _ € ou
. m;ﬂvpipdgﬁ( e OERA n
u” (ppdh Mpdy U

whereV(k,j,m)is a vector of wind velocity observations,( k ,isja,vautpr of air density
observations and the plane (k, j)iantlithd nes
diurnal and annual environmental variantke bi\ariate case of ({841) is applied to each
planar point to define a KDE corresponding to the environmental conditions expected at

that time. The resultaltdimensionamodel object is presented in2j4

o phoho i IEj "O phpfo R "0 phtxo it E 'O phtw i 0
" é E é E é E é B
:: phoho it E 'O plpho R "0 phRo R E "O phtw R ::

"O 1 é E é naoQ
1 "0 "Gpho A E "O Opho i "xo (Y E 'O W A i
HACH N S A S

"Cpho E O "Gpho A "0 "t i E O "t h s

For each planar poirtk,j), a bivariate KDE is generated and evaluated at p§iat¥m)

and( ¢ ), with (ny, n)) being the respective size of the observation space. The model in
(12) includes the effemf crosscorrelation between wind velocity and air density, diurnal
and seasonal phasas well as any multimodal or parametric mixture evident in the

probability distribution.
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Due to the use of diurnal and seasonal feature patterns, the regrdtiadpilistic model
corresponds to the expected wind velo¢igyr density regime organized according to the
date and time of observatiorfigure 2.14 displays sample probabilistic models
corresponding to diametrically opposite annual and diurnal phEsesnodel data subsets
are selected to display the extrema in the annual and diurnal phases, displaying the degree
of time variance within the underlying environmental conditions. As observed, the wind
density model indicates a substantially greater olveriald resource during February, a
function of the strong annual signal shifting both the wind velocity and air density
distributions to higher values. During this period, the diurnal signal is relatively weak, but
still has a slight effect on the shapelgositioning of the joint probability distribution.
During August, the opposite occurs. The diurnal signal (due to daytime heating) is much
stronger, substantially shifting the wind/density distribution towards regions of lower air
density (a function ofemperature and barometric pressure) and higher wind velocity. The
spatial extent of the wind/density models also varies with the annual and diurnal phase. The
spatial extent of the model is a measure of the intermittency and variability of the wind
resouce. Essentially, during the winter months more wind power is available (due to a shift

towards higher values of both variables); however, the range of possible conditions is
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larger. During the summenonths (especially at night) the wind resource is less variable,
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indicating lower (but more consistent) wind turbioetput. The bivariate, time variant
probabilistic model details this variance in environmental conditions, allowing complete

seasonal/ diurnal analysis of the sitebds wi

Quanti fication of the siteds wind resour
model as a discrete function. The mean wind power density is calculated at each
seasonal/diurnal phase by substituting the appropriate probabilistic model into the
fundamental wind power equation. The weighted summation across the probabilistic model
allows an accurate determination of the mean wind power density, with normalization and

unit conversions conducted as appropriate. Figuredisplays the site wind powdensity
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obtained using the proposed tiwariant multidimensional model. The mean wind power
density shows significant variance as both a function of annual and diurnal phase,
correlating with the observed variability in the underlying environment dEtés
probabilistic model of wind power density allows evaluation of wind system feasibility
through comparison with the site electrical demand profile. In addition, site selection can
be conducted with a higher degree of tifrequency resolution throughe replacement of

standard wind energy atlases with sipeecific probabiktic wind power density models.

2.7.3: Model Validation

The performance of the proposeulltidimensionalmodelingalgorithmis evaluated
through comparison with two existingpethodologies: the bivariate single tdisution
model presented in [49] and [F@&nd the timevariate product of marginal distributions
presented in Figur2.1Q The performance of the various models is evaluated through their
correlation to the environemtal data. For validatigourposesthe models will be designed
usingan older20 year datasé€taken from 199€2009) and thetested against more recent
5 year datase(20102014). The performance of the proposed model is evaluated by
calculating the arrelation coefficient between each thiwariant model object
(corresponding to the annual and diurnal phase) and the empirically determined cumulative
distribution function of the underlying dat@ihe resulting value (B measures the fit

between the moddlistribution and the underlying wind/density dataset. The overall
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accuracy of the model is determined by averaging all-tism@ant R samples to produce
the mean model correlatiorthe correlation coefficient is computed in two dimensions,
comparing thebivariate cumulative distribution function to the dataset empirical

cumulative distributiorf51]:

e B B 06 0WNNXQ 00606 60 WHNQ 06 0'dQ

B B 06 0WHXQ 06 0"6Q B B §0O@@HIXFQ 6 0"AQ

where {, k) is the diurnal and seasonal phase of the cumulative distributienis) the
position within the CDF/ECDF anthe bar operator symbolizing the tglomensional
expected valueigure 216( a) and (b) il lustrate the prog

the design dataset and the validation dataset, respectively.

Within the design dataset, the proposed model fits the data with very high accuracy,
with R? values ranging from 0.997 tod®9. This is due to the convergence of the bivariate
kernel smoothing algorithm. The degree of fit is slightly less during periods where the
empirical distribution covers a small spatial area, with the best fit occurring with a wide
underlying wind/densit distribution. This behavior is no longer evident when using the
validation set. The 5 year validation period has a slightly different underlying distribution
due to the effects of (at this scale) random storm events, climate cycles and the general
smalkr size of the dataset. The correlation coefficient is therefore somewhat lower, ranging
from 0.988 (during winter periods subject to random storm events disrupting the
distribution) to 0.9985 for the majority of the remaining interval. The accuracy of the
proposed model remains high using the validation dataset, verifying that the previously

observed model performance can be expected when applying a designed model to future
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observationsThe relative performance of the proposed model is evaluated by comparing
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the produced correlation values to equivalents generated using tbgigineg nodeling
methodologies. Figure.27 displays the correlationistributions of the three model types

using the validation dataset. The mean correlation, the standard deviation stemming from
time-variance and the 95% confidence bounds are tabulated to compare the performance of
each model. Within both the design andldation datasets, the proposed model exhibits a
superior correlation to the empirical data. The mean correlation of the proposed model is
0.9981 (design) and 0.9962 (validation) with the closest comparison the single bivariate
distribution at 0.9592 (degn) and 0.9604 (validation). This effectively corresponds to an
error 10 times larger than the proposed model. Theamiant univariate distribution lags

both models due to the lack of modeled wind/density correlation. The proposed model also
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has a lower standard deviation, indicating more consistenviamant peformance. Using

the validation dataset, the correlation coefficient of the proposed model is never lower than
0.98 and has a peak occurrence very close to 1. Both comparison models have periods of
correlation under 0.9, with the univariate model rangstpa as 0.75. Additionally, there

is no overlap between the respective 95% confidence bounds, indicating that the superior
performance of the proposed model is not due to chance and represents an improvement in
model accuracy. Overall, the proposed madedhown to be both valid for prediction of
future probabilistic wind resource behavior, and superior to previously defined modeling
methods under all observed conditions. The improvement in wind resource modeling can
therefore be applied to wind turbineerformance estimation, HWES design and the

optimization of wind turbine design and insttta.

2.8: Conclusion

A novel hybrid time/frequency analysis and modeling framework is developed to
identify and model timevariance within a bivariate envinmental dataset. Frequency
domain analysis identifies and quantifies statistically significant-tiex&ance in the
nonstationary site wind velocity and air density statistickeadure extraction algorithis
formulated to extract theonstationary compents from the environmental dataset. The
refined dataset is organized to allow an optimized nonparametric kernel smoothing
algorithm to produce amulti-dimensional probabilistic modekthat numerically
characterizes the timeariant wind/density distributin. The modeling methodology

accountdor bivariate crosscorrelation as well as the identifiemnstationary behavior.
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The performance of the probabilistic modelvalidatedby splitting the environmental
dataset into design and validation segmargig 5 years oadditionalenvironmental data

to validate the probabilistic model. This methodology ensapesri as well as aposteriori
model accuracy.The multidimensional, nonparametric probabilistitodel provides
improved ime resolution in additiorotamore accuratéme-variantbivariateprobability
distribution, allowing high resolution probabilistissessment of a site wind resouridee
development and implementation tfis novel modeling methodologgdvances the
eval uati on o éntiah turbinetinetdllationfeasibility gmaatlows probabilistic
assessment of system contingencies, representing an improvement in the area of wind

resource modeling.
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Chapter 3: Probabilistic Assessmenof Wind Reserves

3.1: Introduction

In this Chaptey the previously presented wind resource modeling methodology is
augmented by advanced demand and wind turbine output modeling algorithms. The result
is the presentation of a unified probabilistic approach for the assessment of wind reserves
in islanded microgrids. The proposed model includes -tiereant probabilistic wind
resource modeling, probabilistic load modeling and an investigation into power system
planning applications, including frequency regulation and demand response. Examples a
provided using sample wind and demand data, with a full site case study left for

presentation in a subsequéttapter

Recent advances in microgrid topologies have improved the feasibility of distributed
generation. The continuing maturation afinpary and secondary microgrid control
algorithms leads to an emphasis on planning the implementation of distributed generation
into existing microgrids. The installation of wiihsed reserve generation provides
flexibility to power system planners thrduds applications including: implementing peak
load demand response, its ability to provide secondary generation, as well abasedp
frequency regulation. Demand response (DR)-[4]]involves using fastamping
generation (such as wind, solar or drhgtiro) to meet dynamic increases in electrical load

during peaking periods. The energy supplied by DR units augmentsiobdsand
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secondary generation, reducing the reliance on slower thermal units during peak load
periods. During periods of high energyailability, wind turbines can also provide
secondary generation F§$]. In microgrids, secondary generation (along with the base
load) is provided by the diesel generatolarge thermal or nuclear plants are not available,
especially during islandingeriods. In standard power systems, frequency and voltage
regulation is provided by dynamic stabilization systems embedded within conventional
generation. Islanded microgrids cannot access these stabilization systems. In this case, wind
generation can pwide the required dynamic stabilization, including the regulation of
microgrid frequency. The power inverter wind turbine / microgrid interface is sufficiently
fast and stable to implement several methods of droop control, includiagdPthe more
comple configurations specific to various microgrid topologies [7]. The applications of
wind generation for islanded microgrids justifies their installation wherever a significant
amount of wind energy is available. Determining the feasibility of wind generatia

topic of ongoing investigation which is vital for the integration and management of

renewable energy into microgrids {g]5].

Planning the integration of wind generation into an islanded microgrid requires
algorithms that predict power systeperformance during any reasonable operating
condition. The demand profile and wind energy availability must be modeled to allow
optimization of system configuration. Current research in this field focuses on deterministic
and probabilistic modeling, whetechniques such as machiearning algorithms and
statistical tools are applied for demand and wind power forecasting to predict future system

behavior [16][20]. These methods are best suited for short term planning of existing
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systems as opposed to #esessment of lorigrm reserve capability. Machine learning is
computationally expensive and unreliable during uncommon conditions that differ from
previously extracted features. The drawbacks of deterministic modeling can be addressed
by probabilistic aproaches. Probabilistic power system planning estimates the probability
of various system contingencies through analysis of the space of possible system behavior.
Some preliminary research has been conducted in this area, including probabilistic demand
forecasting [17] and studies on the effects of wiaded demand response on existing
transmission systems [26], [20]. However, none of the previous studies focused on
developing a probabilistic model combining demand profile and wind power availability

for demand response and frequency regulation in islanded microgrids using wind reserves.

3.2: Probabilistic Demand Modeling

The previousChapterhas presented a probabilistic model of the site wind resdurce
allowing probabilistic estimation of wind turbine generation. A similar modeling
methodology is required to model the electrical demand within a microgrid. During
islanding conditions, the @rety of this demand must be supplied by local (distributed)
generation, including any installed wind capacity when it is available. An advanced
multidimensional probabilistic demand model is presented to form the basis of probabilistic
wind reserve modglg, allowing probabilistic assessment of microgrid energy balance,
demand response and the provision of secondary generation to be modelled using a unified

methodology.
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3.2.1: Overview of Electrical Demand

A unique characteristic of islanded microgrids is the reliance on local generation to
supply electrical demand. Electrical demand is primarily the active power requirements of
the microgrid, equating to the sum of all distributed loads and various transformigreand
losses. The nature of electrical demand depends on the idiosyncratic characteristics of the
microgrid, including the proportion of residential, commercial and industrial loads, the
i ndustries serviced, the si tatcalsre.dlloftimeset e an

factors influence the measured load profile. Fighiledisplays a sample of active power
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demand, obtained over two years from an isolated microgrid. The load profile displays
significant short and long term fluctuations, with ghmeriod load minima ranging from

200 to 500 kW and maxima from 450 to 1000 kW. The mean microgrid demand is roughly
600 kW. Overall, the load data displays a high degree of variability at multiple timescales
as well as complex nesinusoidal periodic vance. The general statistical properties of

the demand data are analyzed to perform an initial probabilistic assessment of the load
profile. The load dataset is fitted to several probability distributiorthe Gaussian,
Gamma, Generalized Extreme Valuegnormal and a nonparametric Kernel distribution.
The parametric functional forms of the Gaussian, Lognormal and Kernel distributions are
well known, and have been previously investigatgdhapter2. The remaining probability

distributions will be bridfy overview before their fit to the load data is investigated.

The Gamma Distribution

The Gamma distribution is a twmarameter continuous probability distribution. The
Gamma distribution family includes the exponential andscjuiared distributiasni each
is a special case. The general Gamma distribution has the following function form:

N T
[ wgl N ?wQ p

where x is the variablof interest and b t he positive, real d
the weltkknown Gamma function. The Gamma distribution has multiple applications,

including signal processing, Bayesian statistics and climate modeling.
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The Generalized Extreme ValudDistribution

The Generalized Extreme Value distribution is a thpaemeter, continuous
probability distribution which includes the Gumbel, Frechet and Weibull distribution
families. This distribution arises from extreme value theorem and hasoltbeifg

functional form:

p L] - !Q - L] T[
Ows' h, h o G
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where x is the variable of interegttheral-v al ues | ocati on par amet e

scal e par ame t-values shapd pammmeteh €he Genexrdlized Extreme Value
distribution is generally used in financial risk analysis. However, a risk exists when fitting
this distribution, as thdistribution moments (mean, variance, skewness and kurtosis) are
undefined when the shape parameter is greater than 1, %2, 1/3 or Y4, respectively. Cursory
statistical analysis using wethown techniques is often difficult when these criterion are

encounteed.
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3.2.2:Stationary Probabilistic Load Modeling

Figure 3.2 displays the fitted probability distributions (Gaussian, Gamma, G.E.V,
Lognormal and Kernel) of the-year load dataset. The electrical demand displays a
reasonable continuous empirical distribution with minor multimodal behavior. Each of the
parametrigorobability distributions overestimates the peak probability (occurring between
400 and 500 kW) while underestimating the probability of lower and higher demand near
300 and 750 kW. Essentially, the fitted parametric distributions have insufficient ksurtosi

however the mean, variance and skewness are reasonably accurate. The nonparametric
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Kernel smoothing distribution is more accurati successfully captures the multimodal
nature of the empirical load distribution and exhibits correct tail weightsditien, the
nonparametric Kernel distribution captures the quick decline to zero probability at demand
values under 250 kW or above 950 kWegions where the parametric distributions still
show significant probability mass. Overall, the nonparametricné&lersmoothing

distribution displays the best visual fit to the load dataset.

The fitting accuracy of each probability distribution (quantified through the MAE,
MAPE and RMSE) is displayed in Tab&1. The visual assumption (that the Kernel
smoothingdistribution exhibits the best fit) is validated through all three prediction
statistics’ the Kernel distribution has a MAE, MAPE and RMSE of 0.000847, 0.1823 and
0.0011, respectively. For all prediction metrics, these errors are considerably smaller tha
the nearest competitors (values of 0.0062, 0.8074 and 0.0079 from the G.E.V, Lognormal
and G.E.V distributions, respectively). The overall fitting accuracy of the nonparametric
Kernel smoothing distribution indicates that it (similar to the wind vel@islysis) is the

optimal fitting algorithm for probabilistic assessment of electrical demand.
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Table3.1 Stationary Probabilistic Load Model Prediction Errors

Distribution MAE MAPE RMSE
Gamma 0.0078 2.0068 0.0093
G.E.V 0.0062 3.1016 0.0079
Lognormal 0.0117 0.8074 0.0148
Gaussian 0.0105 6.5891 0.0144
Kernel 0.000847 0.1823 0.0011

3.2.3 Nonstationary Behavior of Load Profiles

The analysis conducted in the previous system assumes that the load dataset is a
stationary signal. Similar to the wind velocity analysis in the previGhapter this
assumption significantly simplifies the probabilistic analysis, reducing the iesdctr
demand model to a single probability distribution. The assumption of stationarity (or
nonstationarity) must again be investigated to ensure its validity for the new dataset
otherwise important information is lost during the probabilistic modelimggss. The
well-known relationship between electrical demand and climate suggests the existence of
nonstationary behavior. To validate, small subsets are drawn corresponding to
measurement periods at diametrically opposite seasonal and diurnal phagesvibusly
defined nonparametric kernel distribution is fitted to four-g&&ment electrical demand

subsets, with the resulting distribution compared to that of the entire -&ldment

64



demand dataset. The first four empirically determined distributioments (mean,
standard deviation, skewness and kurtosis) are compared across each subset. Any variation

among these parameters indicates-siationary behavior.

Figure3.3displays the fittedkernel distributions of each data subset, along with that of
the entire dataset. Significant and fundamental differences in the type and location of each
probability distribution is evident. The modality, mean and variance of each distribution
leads to aituation where there is little overlap between each subset, with the overall
distribution reflecting a mixture model created by summation of the individual displaced

subset distributions. This strongly suggests nonstationary characteristics in the demand
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dataset. Tabl&.2 displays the distribution moments associated with these subset (and the
complete) probabilistic models. The mean demand varies from 283.3 kW to 768.9 kW
essentially a tripling in demand. The standard deviation varies from 19.1 to 60.4lkW/

a 3 tol variability. As a ratio of the mean, the standard deviation remains relatively
constant. However, the distribution skewness also displays significant variance, with two
datasets showing negative skewness and the remaining positive skewness. In bdthtion,
platykuritic and leotpkuritc behavior is evident. Essentially, the shape and location of the
subset distributions are fundamentally different, lending credibility to the assumption of a

nonstationary load dataset and invalidating shuigéribution pobabilistic modeling.

Table3.2 Distribution Moments of Load Subsets

Dataset Mean Std. Deviation Skewness Kurtosis
Set1 (N =70179) 515.7676 130.6324 0.2861 2.5695
Set2 (N=124) |564.2089 49.5666 -0.2486 2.1159
Set 3 (N =124) |768.9136 60.3940 -0.4488 3.0874
Set4 (N=124) |283.2813  19.0908 0.7636 3.4951
Set5 (N =124) |441.9026 33.8822 0.7042 3.1981
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3.2.4 Frequency Domain Analysis

The identified nonstationary behavior of the electrical demand indicates that the
augmented tim@ariant probabilistic modeling algorithms from the previ@sapterare
also applicable. Thdemand dataset is modeled as a general discrete nonstatiatesst,
x(n), comprised of a stationary base datasét), with nonstationary behavior modeled as
superimposed periodic featureg1¢an The nonstati on@dhwhichar i anc
exist within x(n) are identified (in a similar vein to the wind lveity data) to allow
probabilistic modeling algorithms to accurately reflect this nonstationary behdwer.
analysis framework detailed i@hapter2 (based around wideand frequency domain
study) is capable of identifying and quantifying any perio@dance contributors within
the demand data, allowing more advanced 4ua@ant probabilistic analysis of the
nonstationary microgrid electrical load profile. The highly nonstationary behavior evident
from the previous section suggests that multiple wagacontributors exist their
identification is vital to the development of an accurate,tnar@ant probabilistic demand

model.

The frequency domain analysis algorithm presente@Ghapter2 was applied to the
electrical demand dataset to isolate any statistically significant variance contributors.
Figure3.4 displays the Fourier amplitude spectrum, the logarithmic moving average as well
as the corrected moving average obtained using th#&sige removal of statistically
significant variance periods. The demand spectnoiudes the individual magnitudes of

the sinusoidal frequency components, indicating the amount of variability expected at a
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particular frequency. lis more complex tharhé wind spectrum, with an annual signal
visible with a 29 harmonic present, indicating a nemusoidal seasonalcle load
variance. The dataset length makes precise identification of seasonal trends difficult,
however the absolute magnitude of the signal verifies its presence. At timescales of less
than 3 months, the overall demand variance is modelled as slightly pifkngise, with
progressively larger load variation observed at longer observation pdrivsistend has a
significant diurnal signal superimposedhis diurnal signal has multiple harmonics and is
amplitude modulated (due to the presence of-sgarmetrical sidebands) indicating a ron

sinusoidal signal which varies over the course of a yEae. complexity of this signal
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indicates that a full multidimensional probabilistic model is needed which is capable of not

only modeling each trend individually, but also their interactions.

Figure 3.5 displays the mean seasonal and diurnal demand variance signals extracted
from the frequency spectrynwith the long period mean also removed for clarftigis
causes negative values to indicate betomerage demand while positive variance values
refled aboveaverage demand.he seasonal signal is observed to be somewhat stronger
then the diurnal signal, with an amplitude of 130 kW in comparison to 105 kW. The
seasonal signal is sinusoidal with a superimposed second harmonic, with the peak occurring
during January, the harmonic peak during June and the minimum during September. The

diurnal signal is more complex, being composed of multiple harmonics of varying
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amplitude and phases. This signal has a peak of 105 kW shortly before noon, a secondary
peak of65 kW near 5:00pm and a single minimumX5 kW near 3:0 am. However,

the existence of amplitude modulation indicates that this diurnal signal is not constant
throughout the yedr however the general behavior is as described. The presence of these
significant seasonal and diurnal variance features validates nonstationary load behavior,
and their identification and quantization allows appropriate -tiar@ant probabilistic
modeling algorithms to be implemented, generating a more accurate probaiegistiad

model.

3.2.5 TimeVariant Probabilistic Load Modeling

The nonstationary demand dataset is modelled using aveinent, univariate Kernel
smoothing algorithm (as described @hapter2). The development of the load model
requires feature extraction (to model the identified seasonal and diurnal variance signals),
bandwidthoptimized Kernel distribution algorithms and a fine numerical mesh covering
the entire space of potential demaradues. The resultant timeariant probabilistic load
model contains information regarding the general load profile, the relationship between the
base, secondary and peak load conditions and also provides vital information with respect
to timevariant behawr, including crosdrequency interactions and their effects anious

statistical properties.
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Feature Extraction

The electrical demand dataset is expressed as a discrete, nonstationary pseudorandom
variable,L(n), with timevariant probability dtribution, pL(x,t). Assuming a sufficient
dataset of lengtiN to model annuascale nonstationary behavior &fn and data
measurement spacing tight enough to allow detection of diurnal variance ofjlendtre

annual and diurnal nonstationary variance features are extractedfgm

ey
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where each matrix eleme(jik) is a vector of lengtim consisting of appropriate dataset
samples. These data vectors contain information including the underlying load PDF for the
time specified byj,k). The multiscale timeariant load PDRpL(j,k,X), is approximated by

applying the opmized Kernel smoothing algorithmChapter2) to each data vector,

producing the following multivariate load model:
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where each vectoF(j,k), is comprised of a KDE evaluated at poiptgn. The KDE

bandwidth is selected to minimize AMISE, ensuring theesat fit to the load profile.
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The Probabilistic Load Model

Figures3.6(a-d) display samples of thresulting timevariant probabilistic load model.
The displayed distributions correspond toZa.m, (b) 9 a.m, (c) August 28 at3 p.m.
and (d)9 p.m These samples display the seasonal load profile variation at different parts
of the diurnal cycleThe selection of distribution samples emphasizes the nonstationary
nature of the probabilistic demand profile. The lowest, least variable probabilistic load
profile is observed & a.m This is during the diurnal load minimuimmost commercial
and industial customers are quiescent along with a significant proportion of residential
demand. A seasonal cycle is evident, with the most likely demand value ranging from 550
kW in January to a minimum of 300 kW during August and September. A small secondary
peakis evident during May and June, where the demand becomes less concentrated and
increases to roughly 450 kW after previously declining to the 375 kW range. The load
profile itself is dense, with demand rarely varying by more than 50 kW from the associated

probabilistic mode.

The demand distribution is significant different9a&.m, with the probabilistic modes
increasing to a maximum of 700 kW during January and 450 kW during August and
September. In addition, the secondary peak during June is widenie with the most
likely load increasing from 600 to 750 kW. The demand distribution is also wider
throughout the load frequently varies by up to 100 kW on either side of the probabilistic
peak. Essentially, the load displays a higher mean value gvigthter variance as

commercial and industrial customers are coming online Byn, the demand profile has
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become more concentrated. The general range of probabilistic modes remains 450 to 700
kW with a secondary peak near 750kW. However, the demand variance is less during most
times of the year, with the distribution width decreasing to roughly 75 k\§ pAin, most
commercial and industrial customers are in stesidie daytime operation, leading to the
decreased variability in the load profile. The load profile is simil@@m.i it is slightly

more concentrated due to residential loads (the majorityoofmercial and industrial
customers are now offline). The secondary peak is weaker, suggesting that it stems from
commercial or industrial customers. In general, significant variability is observed in the
load profile due to the diurnal and seasonal cydkesbabilistic wind reserve modeling
requires this information to accurately assess the relative performance of wind generation

when applied to a microgrid.
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The developed timgariant probabilistic electrical load model is evaluated through
several prediction statistics. The MAE, MAPE and RMSE of each individual probability
distribution (corresponding to a time and dagspectively) is calculated by comparing the
model probability distribution to the empirical distribution of the sample data. Bable
displays general prediction statistics applied to the demand dataset. The MAE, MAPE and
RMSE have mean values of 0.00850415 and 0.0100, respectively. This indicates that
the probabilistic modeling algorithm is capable of accurately modeling the true demand
distribution. However, significant variance does exist across the range of probabilistic
models, with the MAE rangmfrom 0.000781 to 0.0264, the MAPE from 0.0017 to 0.4184
(likely an artifact of a neazero empirical value) and the RMSE ranging from 0.0032 to
0.0366. Essentially, the nonstationary behavior of the load dataset influences the accuracy

of the probabilist model.

Table3.3; General Demand Data Probabilistic Prediction Statistics

Statistic MAE MAPE RMSE
Minimum 0.000781 0.0017 0.0032
Mean 0.0045 0.0415 0.0100
Maximum 0.0264 0.4184 0.0366

Table 3.4 displays the prediction statistics for the demand subsets modeled when
identifying nonstationary dataset behavior. The relative accuracy of the probabilistic model

is seen to be highest during the seasonal load minimum (Set 4 and Set 5), with MAE, MAPE
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and RMSE values as low as 0.0016, 0.0128 and 0.0067, respectively. The prediction errors
are highest during the winter load maximum (Set 2 and Set 3) with MAE, MAPS and RMSE
values as high as 0.0066, 0.0319 and 0.0169, respectively. However, despiteetisedc
prediction errors, the overall correlation coefficient between the empirical and model
distributions remains above 0.999, indicating a strorgample fit to the actual demand
distribution. Figure8.7 displays the probability distribution of theegliction statistics. The

MAE and RMSE both resemble an extreme value distribution, with a pronounced mode
near their mean value and a slightly extended right tail. The MAPE is similar, however it

is stretched in the-axis due to the normalization inherent in the MAPE calculation.
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However, in all cases the prediction errors are low, indicating the ability of the probabilistic

modeling algorithm to match the empirical demand distribution.

Table3.4: Demand Subset Probabilistic Prediction Statistics

Dataset MAE MAPE RMSE Correlation
Set 1 (N =70179) 0.0045 0.0415 0.0100 0.9998
Set2 (N=124) | 0.0066 0.0319 0.0169 0.9994
Set 3 (N =124) | 0.0050 0.0233 0.0123 0.9995
Set4 (N=124) |0.0016 0.0128 0.0067 0.9999
Set5(N=124) |0.0024 0.0161 0.0070 0.9999

3.2.6: Probabilistic Assessment of Load Profiles

Probabilistic assessment of microgrid load profiles requires knowledge of the
cumulative probability of demand values. The previously obtained probabilistic load

profile is integrated to produce multidimensional cumulative distribution function (CDF):
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where each matrix elemefktj) contains a CDF model of the corresponding electrical load.
Figure 3.8 displays a sample CDF, displaying the seasonal demand variance at 5pm. The
cumulative loadlistribution displays the minimum and maximum expected demand values.
The lowest norzero CDF value ranges from 400 to 600 kW, representing the absolute base
load which must always be available. The point at which the CDF converges to unity
represents thgreatest possible demaindthis value ranges from 650 to 900 kW. This
amount of generation must be available in reserve to avoid loss of load contingencies. The
intermediate values reflect the underlying probability distribution, with the median load

value roughly matching the previously defined probabilistic modes.
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Figure 3.8: An Example Demand CDF
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Microgrid load profiles are divided into peak, secondary and base load components.
Figure 3.9 displays an example of this division. The base loadesgmts the constant
demand which must always be available. This varies according to the seasonal cycle, and
is (in large transmission grids) often supplied by stamping coal or nuclear generation.

The secondary load includes most of the diunyale \ariability, and is supplied by faster
units. The peak load is comprised of the highest load values during eiyotalpeaks, in
addition to any transient load increases due to-loald pickup or other contingencies. In

the example system, the base l@mbughly 450 kW, the secondary load 700 kW and the
peak load as high as 950 kW. In a microgrid, a slightly different probabilistic assessment

of these load criterion is needed. The distributed generating units are grid forthieg
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Figure 3.9: Microgrid Load Profiles
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can ramp quickly enggh to follow hourly load fluctuations. The secondary and peak loads
can also be supplied by these generaioes the only energy source in the grid, an
engineering decision must be made to select generators with the ramping capability to
match the microgd peaking profile. When intending to use wind generation as reserve
capacity, probabilistic load profile assessments are more valuable in predicting the system

state during load variation.

The multidimensional, cumulative probabilistic load modelused to determine
probabilistic estimates of the base load, secondary load and peak load corresponding to the
seasonal and diurnal phase. The base load represents constant demand which is nearly
always exceeded and is defined as tiepBrcentile of theCDF. The secondary load
represents the median electrical demand, defined as'trEeBtentile of the CDF. Finally,
the peak load represents demand levels which are present but rarely exceedefl (the 95
percentile of the CDF). This type of probabilisissessment moves the application of
reserve generation into the shorter timescales more appropriate for islanded microgrids.
The reserve generation requirement can be probabilistically assessed by subtracting the
base load from the probabilistic load madeigures3.10 (a), (b) and (c) display the
expected base, secondary and peak demand values for each date and time. The base load
profile shows significant seasonal and diurnal variability, ranging from a minimum of 250
kW (at 4a.m. during August) to 70@W (at 1p.m. and 7p.m. during January). In general,
the seasonal base load variation is unimodal, with a single winter peak and a summer
minima. A slight secondary peak is evident during the diurnal peak periods, however it is

small compared to the ovdraariability present. The secondary load does not follow this
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unimodal behavior. While the minimum and maximum load values (in this case 300 and
800 kW, respectively) occur at the same date and time, a pronounced secondary peak is
evident betweei am. and9 p.m.during May and June. This is likely due to a single, large
industrial customer within the microgrid which has a seasonal operation schedule. The load
during this secondary peak reaches values comparable to the winter maxima, representing
a signficant requirement for reserve generation. The peak load profile is similar to the
secondary load, ranging from 350 to 950 kW and following the same seasonal and diurnal
load pattern. The high amplitude variability in the secondary and peak load prafitsse

a substantial requirement for reserve generdtitre base load often accounts for barely

half of the total demand.
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Figure 3.10(d) displays the difference between the expected peak and base demand
valuesi indicating the amount of reserve capacity required to meet-ghoad load
fluctuations. The effect of the industrial customer is clearly evid#me demand becomes
much more wlatile, with a difference of nearly 500 kW between the base load and peak
demand. Essentially, this customer only intermittently consumes energy, requiring reserve
units to be available. The remainder of the time, the previously defined seasonal aad diurn
variability is evident, with the demand variability peaking during the winter and during
working hours, with a minimal load spread occurring during summer nights. The variability
in the peak demand in relation to the base load indicates avéir@t wnd reserve

requirement which must be further investigated using probabilistic modeling.

Figures3.11(a) and3.11(b) display the seasonal probability distribution3@.m.and
5pm) of the electrical demand with the base load subtracted. Essemiiallproduces a
probabilistic model of the secondary generation requirement. While the peak load profile
displays the 95% percentile of electrical demand, the presented probabilistic model
provides additional statistical information, including the expe&elue, variance and other
statistical properties of the secondary demand. The general pattern of demand variability is
similar to the previously defined peak and secondary demand variance, with a maximum
during the winter months and when the industdaktomer is active. However, the
probabilistic model also displays the change in demand distribution which occurs in

addition to this variability. In this case, the diurnal cycle is dominant. During the diurnal
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peak, the distribution of secondary demancinees much wider, indicatirgyeater short

period variability in electrical demand. The expected secondary demand requirement is
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near 100 kW for most of the year. However, the industrial customer increases this value to
300 kW. In addition, the diurnal minimum at night has demand variability as low as 50kW,
especially during the summer months. The majority of the seasonal cyittkerésifout by
removal of the base demandgroviding the insight that the diurnal cycle dominates load

variability while the seasonal cycle primarily influences the base load quantity.

Figure3.12 dsplays the expected value of the probabilistic secondary demand for each
date and time. It is similar in shape to the peak load profile, however as a formally
calculated expected value it represents the long period statistical mean reserve requirement.

Assuming the presence of energy storage or a transmission grid interconnection, the
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expected value can be used to size reserve generation foeutedl microgrid energy
balance. For islanded systems, the peak demand profile must be used to size generation
capacityi the expected value now has applications in reliability, scheduling and economic
analysis. The expected secondary demand varies from 50 to 250 kW, indicating that any
secondary generation must be significantly oversized for many seasonal aiadl ghaises

in order to meet the peak demand. The significant and fundamental variability in demand
profiles indicates that wind reserve assessment requires a joint probabilistic analysis of

available wind energy and its temporal relatiopitobabilistic @mand variance.
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3.3: Probabilistic Wind Reserve Assessment

The wind reserve is the quantity of wind power available to meet reserve applications
such as demand response or frequency regu
resource,load profile and system architecture. The high fluctuation in wind power
availability and electrical demand suggest that probabilistic (as opposed to deterministic)
analysis is an optimum method of wind reserve assessmeHtlHA]7[The advantages of
probabilistic models are amplified in islanded microgrids, where fluctuations in any factor
have a significant effect on system behavior and -istgance energy dispatch is not
possible. This section presents a probabilistic wind reserve assessment aligeotiaimg
probabilistic modeling of wind turbine power output and its combination with the
previously defined demand model, producing an energy balance model applicable to wind

reserve applications.

3.3.1: Wind Turbine Power Output Modeling

The probabilistic wind turbine output is modelled by a complex recursive algorithm
which combines the wind turbine power curde,® , (obtained from the manufacturer)
with each bivariate dataset element. Initially, the space of potential wind turbinesaatput

produced:
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whereVsetandy setare the discrete vectors of possible environmental conditions contained
within the bivariate wind resource modé& and } nase the base aidensity used to
calculate the wind turbine power curve. The vector multiplication results in a matrix of
wind turbine power output values filling the bivariate model space. The resolution of the
bivariate model is limited by the source data and the avait@mputational resouréein

this case wind velocity is discretized to 0.5 knot values and air density to 0.0°3 kg/m

A probabilistic extension of the wind turbine output matrix is produced by the

substitution of the tim@ariant bivariate probabiies:
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This model contains every timariant environmental condition, its probability of
occurrence and the associated wind turbine output power. Avianent probabilistic

model of the wind turbine output power is produced by compressing the model according

to discrete ranges of wind turbine output:
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whereP; is the discrete output power attlh par amet er representi no
wi dtho of the wind turbine power out put .

corresponding t& andy, resulting in a model which contains the total probability of each
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potential wind turbine power output asunction of the seasonal and diurnal phasee
environmental condition probabilities are embedded within this sum probability. The
nature of this probabilistic model is dependent on both the shape of the wind turbine power
curve and the bivariate wingsource model, and provides a probabilistic estimate of the
power output of any particular wind turbine when installed under a known environmental

regime.

Figures3.13(a) and 3.13(b) display samples of the probabilistic wind turbine output
model, coresponding to the seasonal cycle3aa.m.and 5pm. The power output is
normalized by the turbine ratirigin this case a Northern Power Systems 12@dGvind
turbine [21] was selected. Discretization artifacts are visible in the intermediate power
outputranges this is due to the sharp slope of the power curve in this area in combination
with the unavoidable limit to the wind data resolution. A significant seasonal trend is
evident, especially near the rated output region3Ad.m.during the winter maths
(November to April) significant probability mass exists near an output of 4JRi&r
representing fultapacity operation at variable air densities. However, this operating
condition does not occur during the summer moittie probability of suffi@nt wind is
low enough that it was not observed during the nydtir sample dataset. During this
period, the probability of quiescent operation (power outputs near 0) is significantly higher,
indicating an inferior wind resource and a general lack oflaai energy. Diurnal
variability is also evident. While & a.m.the summer months see essentially no rated
operation, at 5pm there is probability mass nearldaltl. The maximum observed output

power varies according to the environmental air deiigiyring the winter months, values
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Figure 3.13: Normalized Probabilistic Wind
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of up to 1.1 PelJnit are possible assuming a passive tatitrolled wind turbine. At all
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times of the year, the diurnagsal places more probability mass near rated power output
during the early evening. Quiescent operation is also less likely, with at least some wind
power generally available. This is likely due to daytime heating increasing the local wind
velocity throudn various mesoscale airmass circulations. In general, the probabilistic wind
turbine output model provides vital information regarding wind turbine performance,
including variability due to tim&ariant environmental conditions and the precise behavior

of the installed wind turbine.

The expected wind turbine output power can be obtained by integration of the general

probability distribution:

0 ™Q 00 T QU pp

where the bounds of integration are the minimum and maximum values of the power output
function. The precise boundaries depend on the wind turbine power curve and the choice
of discretizationi in general they range fronugt below zero to slightly above the
manufacturerdéds rated power (for smaller
pitch or speed controlled wind turbines). The wind turbine capacity factor is calculated by
normalizing the power output by theltine rating. Figur&.14 displays the expected wind
turbine capacity factor. A significant seasonal and diurnal trend is evident, with the capacity
factor ranging from 0.25 during summer nights to 0.55 during winter days. The maximum
capacity factor is akerved during February at aboup.in., with dual minima evident at 9

p.m. and 5am. during August. The capacity factor is an expected value which gives a

general, longperiod estimate of wind turbine performance. However, a more detailed
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probabilistic analysis involving both the wind turbine and electrical demand models is

needed to assess the effectives of wind turbines in providing dynamic reserve generation.

3.3.2: Probabilistic Load Pickup

One method for evaluating the effectiveness of supplementary wind generation is
probabilistically modeling its ability to meet the secondary demand. In this situation, the
secondary demand is modelled as what remains after subtracting the base lodd (the 5

percentile of probabilistic demand). The result is a set of probability distributions which
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were detailed in the previous section. The available wind generation is modelled in a similar
vein, using a wind turbine power curve, a set of environmentahddtthe defined annual
diurnal feature extraction and probabilistic modeling algorithms. The probabilistic wind
turbine power output model is a proxy for available wind generation, and can be
superimposed on the appropriate (at the same seasonal anal gioase) secondary

demand distribution to begin the process of modeling probabilistic load pickup.

Figures3.15(ad) display such superimposed distribution, measured at (respec8vely)
a.m.on January %, 5pm on January*] 3 a.m.on August 28 and 5pm on August 8
These sample points roughly represent the extrema of the observed seasonal and diurnal
demand and wind resource variability, providing the most visually evident bases for
observing timevariance in probabilistic load pickup. Figure 3.15a), the wind turbine
power output distribution displays the dydaking pattern expected when the wind regime
includes periods of high wind velocity. While the majority of probability mass is at or near
the quiescent state, a secondary peak eatstated power outpdt in this case 250kW,
representing the size of the wind generation exemplar. For easier visual presentation, the
wind turbine output distribution was smoothed to minimize the effects of the discretized
environmental datd further céculations use the original datasets to avoid introducing
fitting error. The probabilistic secondary demand model is naturally smoother, therefore
visual processing was not required. The demand distribution is bimodal, with dual peaks at
55 and 130 kW abavthe base load. The distribution has a high varidnsignificant
probability mass exists from 0 kW (representing base load demand) to 200 kW. In this

situation, the wind turbine power output has probability mass above any particular demand
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value, visudl suggesting that the wind turbine can meet this demand value at least some
of the time. Figure3.15(b) displays a similar wind turbine output profile, with a slightly
greater probability of rated power output due to the diurnal wind resource cycle. étpwev
during this period the demand distribution is substantially different. Due to the diurnal load
cycle, the distribution is unimodal and shifted to higher values, with the most likely
secondary demand increasing to 135 kW and raging as high as 300 éX@ejptional
circumstances. There is substantially less probability mass near the base load. The interplay
between these probability distributions suggests that at this point of the diurnal cycle, wind

generation would be less effective at meeting the skrgrdemand.

Figure 3.15(c) displays the substantially different demand and wind turbine output
distributions observed during the summer load and wind resource minima. The wind
turbine output is now significantly shifted towards quiescent operatioth less
probability mass near rated output. This is due to the wind regime shifting towards calmer
conditions. The demand distribution is also significantly shifteas this is during the
seasonal and diurnal minima, the distribution peaks at 25 k\Weabevbase load. Very
little probability mass exists above 100 kW, indicating the rarity of significant increases in
demand during this seasonal and diurnal phiaggire 3.15(d) displays the distributions
later in the day, during the diurnal wind resource and load maximum. The wind turbine
output distribution is slightly shifted towards higher power output, with daytime heating
driving higher wind velocities, leading to a high@obability of rateebower operation.
However, the demand distribution is also shifted, with the highest probability secondary

demand increasing to 50 kW above the base load, with significant probability mass existing
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at up to 150 kW. The dual variance apgnt in both the available wind energy (from the
turbine output distribution) and the demand indicates that modeling probabilistic load
pickup requires a rigorous mathematical analysis of the probability distributions observed

at each seasonal and diurpabse.
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The developed probabilistic wind turbine output and electrical demand models allow a
determination of the probabilistic energy balance. Essentially, assuming a demand
distribution and wind turbine installation, the probability of any given power s
deficit can be expressed. This results in a probabilistic load pickup distribution, allowing
determination of loss of load probability, secondary regulation requirements and to provide
a general picture of wind reserve feasibility. The probabilistiwer balance model is

developed by first defining the space of potential power balance conditions:

~ ~

0 Q@ 0 Q0 h™Q Qa7 P C

where Pro is the vector of disrete wind turbine output values aldo is the discrete
electrical demand values used in their respective probabilistic models. This defines every
possible power balance condition allowable under the modeling regime. The likelihood of
each balance conditn is evaluated by multiplying the two marginal (output and demand)

distributions taken at a single seasonal and diurnal phase:

01 EMNQ O ¢MhQz'0 tmMhQh Q@ Q00 po

whereFpt is the appropriate wind turbine output model &gk ¢ the demand model. The
resulting probability object contains a matrix (corresponding to the seasonal and diurnal
phase) for each potential power balance value defined in Tt23. model is sorted
according to the power balance value, with duplicate entries (representing more than one
way to get to a particular power balance) having their probability values added to represent

the combined likelihood of encountering that situatione Tinal model determines the
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probabilistic energy balance according to the seasonal and diurnal phase, allowing a more

detailed investigation into wind reserve performance.

Figure 3.16 displays four samples of the probabilistic power balance moé¢l (1
corresponding t8 a.m.on January %, 5pm on January*13 a.m.on August 28 and 5pm
on August 28. These sample times represent the extrema in wind resource and demand
distributions. In this case, the wind turbine output model was developed tisn
Northwind 100c_24 wind turbine, scaled up to assume 250 kW of generation capacity. The
probabilistic models are multimodal and thwariant, displaying the complex interplay
between the wind turbine output and the electrical demand. During Jammegpyobability
distribution is fairly symmetric about 0. Bta.m, the distribution is bimodal in the deficit
region, with dual peaks at a power shortage of 120 and 50 kW. This is due to the fairly
dense demand distribution at this time. The surplus mdgas a similar probability, albeit
shifted by the rated wind turbine output and slightly diminished due to the somewhat lower
probability of rated generation as opposed to quiescent wind turbine operation. At 5pm, the
entire distribution is shifted towasda power deficit, as the demand increases without a
significant change in the wind turbine output distribution. During August, the probabilistic
behavior is significantly different. A significant probability peak occurs at a small deficit,
representing gaescent wind turbine operation combined with Aease load demand. This
is most significant a8 a.m, when the demand distribution is clustered at low values. The
surplus region is essentially a shifted version of the wind turbine output distribution, as
during this period the secondary demand is usually small compared to the rated capacity of

the wind generation. At 5pm, the distribution shifts slightly toward an energy deficit and
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spreads out, representing the change in demand distribution detailegbrevious section.
Overall, a significant probability of energy surplus exists at all times, detailing the ability
of wind to act ageserve generation. However, the nature of the probability distribution
implies that wind alone is not callable of always meeting the energy denmadditional

action by conventional generation is required.

Figure3.17 displaysa similar probabilisc power balance modeleveloped using the
Northwind 100c_24 wind turbingcaled up to 500 kW ohtedgeneration capacity. The
increased wind generation significantly influences the probabilistic power balance. With

more wind energy available, the majgrof the probability mass occurs within the energy
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surplus region. However, there is still a significant probability of an energy deficit due to
guiescent wind turbine operation. The relafwebability of quiescent operation shows the
seasonal variability detailed in tivégure 16 with a greater likelihood of a small energy
deficit during August, with a more dispersed deficit distribution during January. The
diurnal cycle also has an effécthe wider demand distribution at 5pm shifts the majority

of the distribution towards a greater energy deficit while also spreading out the distribution
peaks. However, the greater wind resource during this time of day is capable of increasing
the probabity of a significant energy surplus (> 200 kW) due to the higher likelihood of

ratedpower wind turbine operation. Overall, the higher wind capacity does lead to a greater
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probability of an energy surplus, however it is still unable to reliably meendano

demand due to the intermittent nature of wind generation.

3.4: Applications of Wind Reserves

The previously presented probabilistic electrical demand, wind turbine output and
power balance models form the basis of wind reserve modelling. netalléed wind
generation is considered for three applications. The first is secondary / peak load demand
response, where the wind power supplements base load generation to meet the peak
demand. The second wind generation application is-jueak demand rgonse, where
wind power is primarily used to smooth peaking periods while the base and secondary loads
are maintained by conventional power generation. In this case, the secondary load is
supplied be conventional generation, reducing the amount of wirdveesequired. In

either situation, the probabilistic wind generation requirement is calculated by

R N 4
q 5
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where Gr is the generation reserve requirement &adis the casespecific baseline
generation profile (0.05 or 0.5, respectively). The probability of sufficient wind generation

can be calculated by

~ ~ ~
¥
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wherePr is the probability of sufficient wind generationr @®rms the lower bound of

integration and~pt is the wind turbine output probability distribution calculated in (10).
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The final Pr matrix is a probabilistic model to determine the ability of wind power to

augment conventional generation during peak load.

The final application of wind generation is microgrid frequency regulation. Using the
probabilistic wind turbine dput power calculated in (10), the equivalent frequency droop
coefficient can be substituted to determine the probabilistic frequency regulation capability

of wind generation:

0 GWHO O R QU 0]
wherePr(j,k,F) is a probabilistic model predicting the likelihood of wind generation being
capable of providing a specific amount of frequency regulation. This model presents a
seasonal /diurnalrpobabi | i sti¢c analysis of windés fr
moderate to large dynamic load excursions. The performance of this probabilistic modeling

methodology will be examined by a case studglvaptes 5 and 6
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3.5: Conclusion

In this Chaptey a detailed methodology has been developed to enable the probabilistic
modeling of wind reserves. The modeling techniques used have been designed to produce
strong results with respect to the feasibility, performance and dynamic betfgianded
microgrids using wind power generation to augment-b@ee conventional sources. The
proposed timevariant, multivariate probabilistic modeling algorithms successfully
compensates for nonstationary behavior in the environmental and eledeimand
datasets, providing an accurate assessment of the wind regime and demand profile, and its
probabilistic transient variability. In addition, a probabilistic powalance model is
developed to evaluate the feasibility and general performance ofgeimeration when
acting as a power reserve. The use of advanced multidimensional kernel density estimators
with optimized bandwidth selection improves the ability of the new model to capture
multimodal probabilistic behavior, which is an improvement on woxi@h parametric

distributions providing improved accuracy compared to standard mixture models.
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Chapter 4: Modeling, Simulation and Control of

Islanded Microgrids

4.1: Introduction

The implementation of wintbased reserve generation in islanded microgrids requires
an analytical and numerical framework which can be used to model, simulate and control
the dynamic behavior of the system. Tklbkapterpresents an overview of micraogr
topologies, including techniques for grid forming using conventional generation. Grid
synchronization of distributed generation is reviewed, with recently developed techniques
exhibiting the robustness and stability required for use Ianded microgds.
Subsequentlymicrogrid interconnection architectures are reviewed, including a brief study
of an LCL power filter, droofbased voltagsource inverter control and stationdrgme
reference generation using the instantaneous power theory. With tloessut
development of control techniques suitable for interfacing distributed generation into a
microgrid, their application to wind turbines is studied. The main types of wind turbine
generators are briefly presented, with the ditkote PMSG design ewidered for further
study. The steadgtate and dynamic behavior of a PMSG wind turbine is investigated,
including rotatingframe stator current control, batikback power electronic converter
topologies and Ddink maintenance by current reference sgsih. The overall result is a

microgrid topology implemented in the PLEXIM simulation environment suitable for use
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in validating the wind reserve applications investigated and presenteddhdpees 2 and

3.

4.2: Microgrid Topology

A unique charaeristic of Microgrids is their reliance on distributed generation and
demand units. Both sources and sinks of active and reactive power can exist anywhere
within the microgrid architecture, resulting in complex interactions between grid
components. The hdamental components of thmicrogrid topology are distributed
generationi generators located within distribution infrastructure as opposed to large
transmission systems, power electronic converters for grid integration and control, and the
potential forislanding, where the microgrid is isolated from the larger transmission grid.
Microgrids can also be implemented as either AC or DC, influencing the control and
distribution technology required for the practical implementation of microgrid generation

and cemand.

4.2.1:0verviewof Distributed Generation

Distributed generation (DG) refers to generation infrastructure connected within a
microgrid [1, 2], using distribution level (25 kV or below) equipment for the
implementation of power deliveryt is located at the point of consumption from the

viewpoint of a large transmission system. Figdrk [3] displays a common distributed

105



generation architecture. An energy source (in this case PV) is connected to local loads
through power converters. Thesaerters are bidirectional in design, allowing power to
flow from the distributed generation to the grid as well as from the distribution line to the
local load.Distributed generation can be implemented using a variety of energy sources
and power manageme strategies, including conventional generators, wind turbines,

photovoltaics and local energy storage, among others [1],[2],[4],[5].

The implementation of distributed generation into micrognmiesents additional
engineering challenges. The inclusion of multiple localized generation units introduces
stability and power flow problems [6], especially considering traditional supplementary
generators which exhibit a low degree of controllabilityrfriine viewpoint of distribution
system controllers [6]. These issues are currently addressed by the development of
improved generation control algorithms as well as the adoption of renewable dhedgy .
microgrids include distributed generation in thenfcof multiple thermal fypically diesel)
generators, wind or solar generation interfaced using power electronic converters and

potentially energy storagd l]. The renewable generation is interfaced using individual,
Distributed
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Figure 4.1: Distributed GenerationBernadon, 201§

106



paralletconnected PWM inverter$§] and implements grisbupporting algorithms such as
droop control 15]-[16] and demand response (DR)6][-[19]. Advances in islanding
operation[6], [12], [21]-[23], grid synchronization €],[14], [24]-[25], and frequency
regulation [6], [13]-[15], including DSOGHIFLL based resonant synchronization
algorithms ], [24]-[25], in combination with virtuaimpedance based droop controllers
[22]-[23] are now capable of reliably interfacing intermittent distributed generation to weak
or islanded microgrid system/ith these advances, distributed generation is evolving into

a viable component of power systems, allowing the continued adoption of renewable

energy into both transmission networks and microgrids.

4.2.2 Microgrid Implementation AC and DC

The phyical implementation of microgrids follows several overarching strategies. The
most common topologies are AC microgrids [6], where distribution generation is interacted
with a common AC bus (often the distribution network itself), DC microgrids, where DG
units are connected to a DC bus when is then interfaced with the distribution grid through
a power electronic convertgf], and hybrid microgrids [8], where both an AC and DC bus
are present. Each topology has unique characteristics which influence dah&iol,c
operation and performance. Figut@ [9] displays a comparison between AC and DC
microgrids.The AC microgrid is dominated by DC/AC and AC/AC converters. Storage

and PV sources generate DC power, which is inverted to AC and interconnected@ the A
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bus. Wind turbines generate variafilequency AC (depending on the generator type) and
therefore require a more complex AC/AC converter topology. In an AC microgrid, the
common residential, commercial and industrial AC loads can often be directlyctethne

to the AC bus through a standard distribution transformer. Any DC loads are connected
through a power rectifier and filter. The DC microgrid uses a DC bus to interconnect the
distributed generation units. In this situation, PV and energy storagetar@aded using
DC-DC converter§ generally of the boost type to maintain a high-B(3 voltage. Wind
turbines and conventional generation are connected to the DC bus using controlled boost

rectifiers. A single large power inverter is then used to interface the DC bus with the grid.

Photovoltaic Panels AC Bus AC/DC DC Bus Photovoltaic Panels
W P DC/DC —
EEEE| Soic 7 ol | EE EE
I+l DC Load  [ciom S/ EE
Wind Turbines ‘Wind Turbines
H A ot
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AC Load | ACLoad
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Figure4.2 (a) AC and (b) DC Microgrid Topologie8hckhaus2013

108



4.2.3: Islanding

Microgrids often exist within areas normally covered by transmission infrastructure.
Themi crogri dés AC b u setranamssidnenfrastoatuneeThdseglid t o
connected microgrids can act as a single distributed genepatéoym reactive power
supportand assist with transmission grid frequency regulation. The reverse is al$o true
the transmission grid can be usedtbg microgrid for voltage and frequency reguati
and for transient demand respon$6-19]. The large inertia of the transmission grid acts
as a stabilizing influence, allowing the microgrid to be robust against disturbances, power
flow contingencies ogeneration intermittency. The advantages of grid interconnection are
significant with respect to microgrid operation and stability. However, the possibility of
isolation from the transmission grid requires Microgrids to be operable without
transmissiorgrid interconnection. This condition is referred to as islanding. Islanded
microgrids are networks containing distributed generation which are either temporarily or

permanently isolated fro transmission infrastructure

Figure4.3 [10] displays a diagm of a gridconnected versus an islanded microgrid
topology. Figured.3(a) displays a grid connected microgrid. This type microgrid is easier
to operaté active and reactive power can be shared with the larger transmission grid, with
it acting as an infiite bus to stabilize the system against transient disturbances. Assuming
the distributed generation is small compared to the transmission grid size, the distributed
generators can be operated for optimal economic performance, maximizing the returns

from renewable sources such as PV or wind turbines. Fi§3fe) displays an islanded
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microgrid. Whether due to a relay trip at the coupling point or absolute isolation, the
transmission grid is not accessible. In this situation, the active and reactive pomsercd

of all connected loads must be met locally by the distributed generation. Grid fo6hing [
must be accomplished by the largest, higimsttia generators, with grid support and
stabilization the province of the remaining distributed generatiomdsthmicrogrids are
therefore more difficult to control and less stable, lacking the electrical and mechanical
inertia of larger systems. Intermittency in renewable supply has a larger effect on grid
behavior, in addition to load variability, any transieohtingencies as well as the presence

of unbalanced or nelinear demandZ3, 2. Due to the requirement for contingency
response, microgrids must be capable of operating under islanded conditions. Therefore,
the focus of thisChapteris mainly on the maelling and control of these islanded
microgrids. Transmissiegrid interconmction, synchronous islandingnd economic
optimization[28] are less significarfor isolated microgrids and are beyond the scope of

this investigation.
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4.3: Analysis, Modeling and Controf Microgrids

The investigation of wind reserves in Islanded microgrids requires an analytical and
numerical framework for validating microgrid operation. The simulated microgrid must
include a gridforming generator, wind generation, multiple loads and the assdaiait
and distribution transformers. The modeling and control methodology must be validated
using this simulation infrastructure to ensure accurate results when evaluating wind
reserves. Figuré4 displays the microgrid topology developed for wind ressimulation.

In islanded microgrids, idsel generators araormally used for grid forming, with
secondary units operating isochronou@lyrectly coupled)with the primary[29-31]. A
deltawye unit transformer connects the diesel generators to the giibdtion grid. The

grid voltage level is adjustable by changing the transformer model usgdmon values

such as 4.16 kV, 12.5 kV and 13.8 kV can be simulated to match client microgrid
configurations. A point of common coupling connects wind generatibe diesel
generators and the primary distribution transformer. Voltage and current values are
measured at this point for the grid synchronization and control of connected inverters. The
electrical demand is simulated using constamgedance loads, sid¢o consume realistic
amounts of active or reactive power depending on the size of the client microgrid. The
detailed control configuration of this microgrid will be investigated in this section,
validating the simulation environment which is used intasssquenChapterto perform a

case study assessing wind reserves in a client microgrid.
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4.3.1: Grid Forming in Microgrids

Microgrid Simulation Topology in PLEXIM

Grid forming in an islanded microgrid is performed by the largest aciigsel

generator, maximizing microgrid inertia and stability. Diesel generators use an internal

combustion engine to drive a prime mover connected to a synchronous generator. As diesel

engines operate at high speeds, a two or four pole machine is o&&nWghin the
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simulation environment, the synchronous machine is modelled using the rotor reference
framei a rotating frame generated using thell-known Park transformatio\ detailed
analytical model of a synchronous machine is presente82jn 4ndis used within the
PLEXIM simulation environmentThe behavior of a synchronous machine under non
saturated operation is wedhown, as it the control architecture required for grid forming
operation. Figurd 5 displays the simulation topology used t@iement the gridorming

diesel generatoiThe synchronous generator model presente®@zhi§ implemented by
PLEXIM, with generator parameters selected to match commonly availableAL@o 1

MW diesel generatorsThe selected generator is a salgole design, requiring the more
complex numerical model with separate direct and quadraiisanductance values. The

field winding of the synchronous generator is excited by an IEEE star@Brelciter, in

this case modelled as a first order feedbacksfex function. The command excitation
voltage is supplied by a Pl excitation controller. The generator terminal voltage is the
variable of interest it is converted into a rotating reference frame using the Park
transformation and a-Bhase PLL connecte the stator terminals. The control action
maintains the generator terminal voltage through changes in stator current induced by
demand variation. The prime mover is controlled by a Pl engine governor in series with a
transfer function implementing a dir order timeconstant. The engine governor sets the
grid frequency through controlling the rotor speed of the synchronous generator. Assuming
that a speed sensor is included within the diesel generator, the controller can directly
compare with a referencsalue to implement reliable grid frequency control. If a speed

sensor is absent, a PLB4, 35] EPLL [36] or FLL [37] can be used to obtain the grid
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frequency using the stator terminal voltage, with the rep@ed then obined and fed to

the governor.

Figure4.6 displays the detailed controller diagram of the generator excitation system.

The exciter is modelled as an integrator with feedback. The transfer function of this system

is as follows:
oi Oi Oi
' 5 o1 o1 P
where
. 0
Oi l_ C

andH(s)is the exciter feedback gaite. The value oK|e determines the response speed of
the exciter. Substituting the selected gain values, the net feedback transfer function is a first

order time constant:
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This produces a fast exciter (with a time constant of 0.02 secdndsyeasonable
assumption given that the excitation system is often comprised of a smaller machine
connected to the prime mover sh&for simulation purposes, the exciter is assumed to be

10 times faster than the diesel enginesisponding to command changes.

The excitation controller implements a standard parallel Pl transfer function:

0 i 0 { 6 6 v

Where V is the directaxis terminal reference voltage in the rotating reference frame and
V the measured direct axis terminal voltage. A saturation hieklded to prevent over
excitation during initial startip - the generator is nelinear across large rotational speed
changes and is difficult to control using gains optimized fordp#ed operation. Saturation
addresses this issue and also ensuregthatical limits are followed with respect to the
generator field voltage. Combining (5) with (4) and assumingsaturated behavior, the

controller transfer function is expressed as:
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During steadystate operation, the relationship between the excitation voltage and the

generator terminal voltage can be simply modelled as a first order transfer fuBgtion [

i Y
[ Y X

whereTei s t he generator 6s el ectrical ti me
datasheetdn general, this value shtd be at least 10 times larger than the exciter to prevent

controller oscillation.Combining this time constant with the controller model and

accounting for the voltage feedback, the excitation controller has the following behavior:

0 0 0 i LVAEI oum | YY

o P U v i VAEI uvm l YY ’
Simplifying, the excitation system can be modelled as follows:

W vm Y ovm’y

A Y v viYp v i ovu’yY @

The transfer function defined by (9) has uniquely positive coefficients using negative
feedback control. Usm the weltknown RouthHurwitz criterion the closedoop

controller is stable when the following condition is met:

Y vt —m p Tt

Under practical conditiong is less than or equal &, therefore the excitation controller
(within the bounds of nominal generator operation) will correctly converge to the reference

terminal voltage.
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Figure 4.6: Diesel GeneratoExcitation Controller

Figure 4.7 presents the control architecture of 8peed governor. The mechanical
behavior of the diesel engine is modelled as a-dirder time constant, in this case set to
0.2 second$or small changes in engine torque expected from the controlertransfer
function of this controller is similaiotthe excitation systefi the repeated derivation of
the PI feedback transfer function is therefore left as an exercise. The mechanical behavior
of the synchronous generator (from the viewpoint of the prime mover) follows an inherently
stable firstorder kehavior assuming a constant electrical load and a small deviation in
operating speed therefore the governor will also be stable assuming realistic controller
gains. The response of the governor system approximatesardiesttime constant, with
the response speed proportional to the magnitude of the controller gains. An excessively
high gain may cause oscillation or torsional vibration. In the proposed simulation
environment, the controller gains have been tuned to produce a controller response with a
time constant significantly sl ower than tF

probability of generator damage. The slow operation of mechanical governors leads to the
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Figure 4.7: Diesel Engine Governor

use of gridsupporting control and provides the need for wind reserves to maintain grid

frequency during demand variation or other transient contingencies.

4.32: Grid Synchronizatiorand Interconnectionf Distributed Generation

Grid Synchronization

The interconnection of distributed generation with the utility grid requires fast, accurate
synchronization algorithms. In islanded microgrids, additional issues occur due to the
relatively weak grid being vulnerable to disturbances created by impierticonnection.
Essentially, to connect a distributed generator (such as a wind turbine or PV array) to a
microgrid, the synchronization system must be able to match a potentially unbalanced or
distorted grid in such a way as to minimize switchimguced disturbances. To compensate
for unbalanced or distorted grids, the synchronization algorithm should be able to quickly

and accurately identify the positive and negative sequence components of the grid voltage
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[37]. Conventional techniques such as a RKLSRFPLL [34] are not capable of this.

Newer techniques such as DSREL [35] or EPLL [36] exhibit better performance. The

| at est and most reliable method for grid
Generalized I ntegr at orSOGFLe)gmesemtedyindT].dleek e d L o
underlying behavior and performance of the DS®GL will be briefly reviewed and its
implementation in the simulation environment demonstrated to validate its application in

the grid synchronization of distributed generat

Figure4.8 displays the second order generalized integrator. The SOGI has the following

transfer function37):

i — pp

(11) shows that the SOGI is resonant at the frequengyacting as an infinitgain
integrator B7] for any sinusoidal signal at an equivalent frequency. Augmenting the SOGI

with a quadrature signals generator (QSG), the following trackingvie emerges37]:

’?‘Qi
i _
YR PG
0 i @ po
ORI

The resonance frequengyand damping factdk is set externally. The transfer functions
presented in (12) and (13) indicate bgrads and lovpass filter behavior, respectively.

Figure4.9 displays the SOGDSG, wherer & connected t® andg vt@Q, representing
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the direct and quadrature components of the input voltage wavefditme SOGI gain k is

tunable to ifluence the response speetaensitivity of the SOGRSG.

The SOGIQSG is not in itself frequeneydaptive, being restricted to the natural
resonance frequency® input into the SOGI. A frequency locked loop (FLL) can be
inserted into the SOGDPSG as in 37] to augment the systemos
Figure4.10 presents the FLL configuration in PLEXIVhe FLL uses the error signal from
the SOGIQSG as an ingt, multiplying it with the identified quadrature voltage waveform
to complete the initial PLL architecture. An integrator controller with an initial guess
frequency (in this case 377 rad/s) is used to track the frequency of the voltage waveform,
returningthis to the SOGI to ensure that it continuously adapts to changes in grid frequency.

The gain of the FLL is normalized using an algorithm presente84jn fesulting in the

O ->|>—>f s
\Y SOGI V'

K SOGI W' q ()

Ev w'

Figure 4.9 The SOGIQSG
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Figure4.10 Gain-Normalized FLL Configuration in PLEXIM

FLL response approximating firstder behavior with a tunable time constanttiBgtthe
FLL gain to 50 and applying normalization, the DSEREL has a time constant of ~0.02
seconds, roughly equivalent to the gitdiming exciter and ensuring a fast response to grid
frequency deviations. The result is a robust, stable combinatitre dOGI and FLL

which implements grid synchronization.
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To allow the determination of both positive and negative sequence grid components,
dual SOGIQSGs are implemented, both using th@nnormalized FLL to perform
frequency synchronization. This topology is the DS@EGL, as presented if24-25, 37].
Figure4.11 presents the DSO®ILL as implemented. The grid voltage is transformed into
the stationary frame, with each component thamt separately to one of the two SOGI
QSGs. The gainnormalized FLL uses the SO®SG error signals to isolate the
fundamental grid frequenay dwhich is then fed back to the SOGIs, adapting them to any
changes in grid frequency. The SOGQ@EG outputs arghe direct and quadrature
components of the stationaffame grid voltages, when are then transformed into the

stationary positive and negative sequence components as falé®5s,[37:

W W Nnw pT
W nw o pu
®w O N Po
W nw P X

with the initial gain of %2 applied befotke signals reach the DSOGLL. The final result

is the identification of the stationafyjame positive and negative sequence grid voltages,

in addition to the instantaneous grid frequency. This informatalows the
synchronization of distributed generation to unbalanced or distorted microgrids, with the
precise matching of sequence components minimizing disturbances inherent during

interconnection.
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Figure4.11: DSOGIFLL with PNSG in PLEXIM

Grid Inte rconnection

The control of an inverter generally centers around the active and reactive power sent
into or out of the utility grid §]. However, the inverter itself is a PWBvitched device
using either SPWMJd8], space vector controBf] or another scheme to control the AC
terminal voltages. A control algorithm is required which converts active and reactive power
(P and Q) reference signals into terminal voltage specifications. Two methods are

commonly used the voltage source invertéySl) topology, where the inverter tracks a
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current reference by varying the terminal voltag@ with a constant supporting DC link
voltage, and the current source inverter (CSI) topology, where the inverter current is
constant, with the terminal voltageference being met by varying either the duty cycle or
DC link voltage. For hybrid AC/DC and DC microgrids, the DC link voltage is- low
impedance and nearly constant. Therefore, the VSI topology is used. The first step in VSI
control is developing the cumt references required to meet the requested P and Q values.
When the grid conditions are balanced (or nearly Be)extraction of positive and negative
sequence components allows the calculation of inverter current references ttiveugh
instantaneoupower theory 39:

uO p (b
"O _—

W

C Ca

pu

Figure 4.12 displays the implementation of instantaneous power theory. The stationary
frame components isolated from the DSOHELL are applied to the appropriate
mathematical operationd.8), converting the P and Q reference values into statienary
frame current reference signalhese current references are then used to implement VSI
control. Fgures4.13 and4.14 displays the control architecture of the VSI. Each statienary
frame current reference is fed through a proportioesbnant (PR) controlle6] 4041].

PR controllers exhibit superior performance in tracking sinusoidal sigh@41] of a

known frequency. As the DSO®ILL identified this frequency, the PR controllers can be
easily adapted to maintain resonance and therefore tracking performance. The PR controller

has the following transfer functiod(-41]:
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whereKp and Kr are the tunable controller gains amd the resonant frequency. The

resultant VVSI control law is as follows:

) ®w U —— 0 O Cp

whereVy randVs Tare the stationarframe inverter terminal voltage referencésandVs
are the stationarframe grid voltages measured at the point of common coupling (on the
low side of transformer)gandlp are the grid interconnection currents, measured again at

the point of common coupling.

125



—<]Pa* pen ——<] va+-

Ia*

Ib*

@-

Q“

2/3
PInv*
2/3
QInv*

Figure4.12 PLEXIM Implementation of the Instantaneous Power Theory

Va*

Vab

Iab

Ia ref |-

ya* Ia|t——roy

ya controller

Ib ref =&

;

Ia*

yb* Tab fet——

yb controller

126

Figure4.13 VSI Controller Architecture
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Figure4.14 VSI Current Controller

The performance of the RRSI controller is dependent on the line impedance, power
filter behavior as well as inverter dynamidsigure4.15 displays the grid interconnection
topology used in the PLEXIM simulation environment. A VSI is connected through a
damped LCL power filter and a unit transfornfexquired to increase the inverter output
voltage to match the power system voltage leteeiipe point of common coupling (PCC).

For control purposes, the PCC is assumed to be at the primary (low voltage) side of the unit
transformeri transformer core and copper losses should not be significant (< 5%) und
reasonable load conditionddditionaly, the inverter dynamics are assumed to be much
faster than the microgrid dynamiesa 2 or 3-level SVPWM VSI operating at a switching
frequency of greater than 5 kHz has a response time of less than 1ms. Thibefoverter

terminal voltage is assuméo equal its reference value
W W GG
whereVy grepresents the stationainame inverter terminal voltages awd e the controller

references.This simplifies the grid interconnection analysis by removing inverter

dynamics.
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Figure 4.15 Distributed Gengation Interconnection Topology

The damped LCL p o wf&ame dynamitsearedderives tifigst i onar

identifying the relation between the LCL node voltaye g).and the inverter terminal

voltage:

W W i0 O Co

WhereL; is the leftmost inductance ahgl the stationarframe inverter terminal current.

Assuming balanced thrg#hase resistance and capacitance in the shunt branch, the follow

relation arises:
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WhereR andC are the resistance and capacitance valuedgartde shunt branch current.
Assuming that the line inductance between the LCL filter and the PCQusl@acwithin

the rightmost inductande>, and by performing nodal analysis, the following emerges:

) ) i0 O Cu

O o 0 o

In this situation, the derivation seeks to determine the relationship between the stationary
frame LCL terminal voltgesand the resultant PCC output current. Substituting §2@)

(25) into (23:
W W i0b'0 i0 O O ¢ X

the inverter terminal voltage expressed as a function of the PCC voltage, PCC current
and the LCL shunt current. Substituting (24) into (27), the shunt current is replaced as

follows:

W W 00O i0 O _— C W
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Collecting terms and simplifying, the inverter terminal voltage is shown to be a function of

both the EC voltage and the PCC current:

: Y] . i 00
w W p 0 O tuv v oT
Yo Yo
Furthe simplifying:
i 60 o i i i 600
w ()] T T Il U 0] - (0)
P Tv3 P L YO p g
, , i 60 ‘0 i 600 i YOO O i 0 0
w w VTN o & o
P TV3 p L YO p °

The final transfefunction developed in (32) displays the dynamic behavior of the PCC
current in terms of the inverter terminal voltage and the PCC voltage. Théofeedd

path in the PR controller architecture (Figdt&2) is clearly justified it cancels part of
thedisturbance transfer functiah 7w and improves the transient behavior of the PR
controller. The closed loop performance of the PR controller is calculated by neglecting the
disturbance caused by the PCC voltage, which in either case is atetyathe feed
forward. The control laws expressed in (20) and (21) (with the feedforward term removed)
can be combined with the plant dynamics in (32) to get the-lmpgntransfer function of

the controller:

O . 0 i i YO p
(@) i ] I OLU L I 'YOU UL i U
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where UBE i s t he r ef dsirgihe elatibnrdascribed n@l), the ciosed .

loop transfer function (after simplificatiaand the use of symbolic variab)es:
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The closed loop behavior in (3% shown to be stable under a variety of comfagions
[40-41], with a specific emphasis on stability when the resonant frequency is properly tuned
to match the observed grid frequency. The tuning of the resonant gains is detalled in [
41], and is highly dependent on the microgrid configurationtaadiesign of the converter,
power filter and the effects of the grid and transformer losses (when significant). A full

analytical model of the islanded microgrid is a MIMO system with complexlinear
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behavior depending on the grid voltage, power flow generator and DAInk dynamics.
While the latter will be investigated in a later section, a unified analytical framework is not
required for the numerical validation of wind reserves and is therefore beyond the scope of

this thesis.

4.34: Microgrid Support using Distributed Generation

In standard power systems, frequency and voltage regulation is provided by dynamic
stabilization systems embedded within conventional generation. Islanded microgrids
cannot access these stabilization systems.igncdse, wind generation can provide the
required dynamic stabilizatipimcludingtheregulation of microgrid frequencyhe power
inverter wind turbine/ microgrid interface issufficiently fast and stable to implement
severaimethodsf droop contralDroop control implements inverter control algorithms to
simulate the functionality of a synchronous genera@odl]. The basic functionality is

described by P/f and Q/V droop contr6| §2:

Ca
Dl
o]
S
—
—

WherePiny andQinv are the rsulting inverter reference active and reactive commands and
Kap and Kqq the droop coefficients. The droop coefficients are related to the microgrid
system, including the feeder line impedance and generator inertia. The relations in (44) and

(45) assume argl which is primarily inductiveln situations where resistive behavior is
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expectedQ/fandP/Vdroops are more appropriate f243]. Most microgrids fall between
these two extremes, leading to more advanced droop control techniques such as virtual
impedance®, 4445], virtual admittanc@46], adaptive droop coefficientd 3] or nonlinear

droop control [47].

Within the simulation environment, conventional droop control is sufficient to
investigate the behavior of wind reserves. Figuié displag the developed droop control
architecture. The conventional linear droop control is augmented with an integral frequency
restoration term, allowing the VSI to act asréaal governor This assists the griftbrming
generator in frequency restoration Igtituting permanent power sharing during demand
increases. The droop coefficients are adjustable depending on the size of the simulated
microgridi generally they are set to between 0.01 and 0.0dipiereflecting the behavior
of synchronous generatgovernors during load changeBhe voltage regulation loop
implements linea®Q/V droop control. Thegrif or mi ng gener ator déds exc
fast enough to quickly restore the grid voltage during sags. Therefore, the primary purpose
of the voltagedroop controller is to share the reactive power requirement among the
distributed generation. In both frequency and voltage droop regulation, the ratio of the
droop coefficients determines the power sharing between inverters and generators. Scaling
these oefficients based on the inverter (and distributed generator) ratings ensures fast and

robust uptake of active and reactive power demand.
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[E

In addition to frequency and voltage regulation, distributed generation can also be
dispatched by supervisory control to feed activeraadtive power into the grid his grid
feeding operation allows wind farms or PV arrays to supply all availatdeyg to the
microgrid, with the conventional generators shifting to a reserve role. Grid feeding inverter
operation is accomplished by directly supplying the P and Q references to the primarily
controller, with the resultant inverter terminal voltageragas a source for the microgrid.
The determination of these references is accomplished by higher level control algorithms
or direct dispatch by grid operators. In islanded microgrids, the rate of reference change is
limited to that of the gridormingsyt hr onous generatorés power

and frequency disturbances would resHlhally, distributed generation can be used to
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directly form the grid. Grid forming control replaces the inverter P and Q references with
voltage and frequency ferences ¢]. This control technique is not as common for
intermittent sources in islanded microgrids, however during periods of high wind energy a
wind reserve can be used in this manner when the amount of injected power becomes the
majority of the microgd demand. The inverter creates virtual inertia by the controller
actioni very little voltage or frequency regulation is required during load changes as long
as the DC link voltage behind the inverter can be maintained by the wind turbine, PV array

or other energy source.
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4.4: Integration of Wind Generationto Islanded Microgrids

Wind generation is a constantly growing source of renewable energy. Advances in wind
turbine materials, power electronics, generators and control techniques are continuously
decreasing the capital and maintenance costs of wind generation. The improved
performance of wind generation has made it increasingly viable for installation in isolated
microgrids. Many islanded and isolated microgrids exist in Nordic or coastal areas where
the average solar insolation is low and the cost of transporting fughis these locations
are ideal for wind generation. The specific requirements of islanded microgrids (as
described in the previous sections) require advanced control and grid interconnection
equipment to interface wind turbines with the microgrid. Theipeeequipment required
depends on the type of wind turbine, with each having advantages and disadvantages with

respect to performance within a microgrid.

4.4.1: Overview of Wind Turbine Generators

Wind turbines are generally constructed in onéoaf types (Type A, B, C or D}48]
presents @omprehensive review of the types of wind turbines and their beh&igorre
4.17[48] displays the general architecture of each wind turbine type. Type A wind turbines
use squirrecage induction generatgrsonnected to the grid through a ssffarter. A

capacitor bank is included to provide excitation to the generator, improving the power
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factor and startip performance. Using this configuration, the wind turbine must operate at
a neaffixed speed very gihtly above synchronous speed, with the power generated by the
induction generator a function of the resulting slip vai@.[Advantages of this design
include its simplicity and cost. However, it is not appropriate for weaker grids, as any output
powerfluctuations are directly transmitted to the grid without the possibility of attenuation
through control action. Therefore, type A wind turbines are not appropriate for islanded
microgrids. Type B wind turbines use wourador induction generators (WRIG(. The

WRIG allows slight speed variation (up to 10%) ][48 varying the rotor resistance,
changing the slip/power curve and allowing some control of the output power. This design
also requires a soft starter (as induction generators draw very higimtcupon starting)

[50] as well as a capacitor bank for reactive power compensation. The Type B wind turbine
is also directly connected to the gridherefore it is also inappropriate for use in islanded

microgrids Wind turbines must be at least pattiatolated from the microgrid to allow

137



Type A

Gear:(@E? e (§ = Grd ;
SCIG
Soft-starter -
5 B 55
Capecitor bank

.TP

Type B

Variable resistance

Gear

’\Ei) - Grid /

WRIG Soft-starter L

ﬂ-r

Capacitor bank

TypeC

Partial scale
frequency converter

Gear \/} {% /j Grid ;
WRIG
Type D
Full-scale
’ e frequency converter
Gear {Ol! e @ ’/j Grid ;
PMSG/WRSG/WRIG

Figure4.17: Wind Turbine Types [Ackermann, 2012]

for control of active and reactive power transierotherwise microgrid stability is

threatened during wind velocity changes.
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Type C wind turbines are commam very large installationsbfl]. This type uses a
doublyfed induction generator (DFIGB2, 53 in combination with a partialhgcaled
AC/AC frequency converteil.he converter controls the rotor currents, allowing the stator
currents to be modified tag@vide some control over active and reactive power. The DFIG
wind turbine can vary by up to ~30% from synchronous spge&cbf, allowing the use of
speedcontrol MPPT to increase wind turbine efficiency. However, DFIGs have poor fault
ride-through capaliity 7 a grid disturbance will affect their excitation in addition to their
statorgrid connection. In addition, the DFIG requires two connections to the grid (the direct
statorgrid connection and the rotgrid using the converter) which must each have
protection and control sensors. The poor fault tolerance, complexity and limited
controllability of DFIG wind turbines makes them less suitable for use in islanded
microgrids. Type D wind turbines are replacing Type C in progressively larger installations.
Type D wind turbines most often use a permameagnet synchronous generator (PMSG)
[54] connected through a fuficale AC/AC converter. The PMSG output frequency is
directly proportional to the rotor speed and the number of pole pairs. It is possibéetiy d
connect the wind turbine shaft to the PMSG without requiring a gearbox, using a multipole
PMSG design to produce a sufficiently hifjaquency stator voltage. The Type D PMSG
wind turbine is best suited for islanded microgrids. The AC/AC conversetated the
PMSG from the grid, allowing disturbances on either side to be damped by control action
and preventing grid faults or mechanical disturbances from propagating. In addition, the
PMSG has constant internal excitatibrihe generator power fact@an be completely
controlled using the AC/AC converter. The disadvantages of the PMSG are primarily cost

and controller basetl active power converter controllers are required to ensure correct
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PMSG operation, in addition to the costs of the full scedguency converter and the
magnets (often rarearth) within the PMSG. However, these disadvantages are mitigated
by the degree of controllability provided, in addition to continual decreases in cost.
Therefore, it will be assumed (for investigation andlgsis) that a Type D diredrive
PMSG wind turbine will be used for implementation of wind reserves in an islanded

microgrid.

4.4.2: Modeling and Control of Direddrive PMSG Wind Turbines

The modeling and control of a permanemgnet synchronous generator is vital to the
successful integration of a PMSG wind turbine into an islanded micrdggdre 4.18
displays the general control architecture of a didenste PMSG wind turbine implenméed
in the PLEXIM simulation environment. The PMSG stator termiaaésconnected to a
controlled rectifier allowing the terminal voltages to be adjusted as required to implement
the stator current references. The stator currents are controlled uspwmgeconverter
voltage references these are generated using a decoupled Bl controller. The stator
current references are generated depending on the overarching control law. In this case,
zeradirectaxis current control is implemented to ensure PMSG operated at unity
power factor. The quadratuexis current references is generated by aliDkCcontroller
which balances the power flow across the power converter. This controller can also be

replaced by a power reference synthesiady ¢r a PMSGspeed controller, depending on
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Figure4.18 PMSG Controland Modeling Topology in PLEXIM

the application. The aerodynamic behavior of the wind turbine is simulated-timmeab
provide the primanove torque of the PMSG, allowing the interconnected mechanical and
electrical systems to be modelled and contdbllene core of this simulation environment

is the PMSG model, implemented as voltéghind reactance in a rotating reference frame

[55]-[57].

The PMSG is a constaekcitation generatowhich produces a variabfeequency
output proportional to the rotor speed. The PMSG is most commonly modelled irQhe D
frame(the Park transformatiof®5]. Further tansformed into the-domain, this results in

the following stator relation5H):
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wherevsq and vsq are the d and-gxis stator terminal voltageksq and Lsq the stator
inductances, we the electrical angular velodRythe statominding resistanceisq andisq
the dq axis stator currents anih the flux supplied by the permanent magnétsthe
rotating reference frame, cross coupling is observed between the direct and quadrature axes.

These axes can be decoupled by substitution of an alternate set of control vasifbles [

® ¥) 0 "Q Ty

This decoupling improves the transient response of a current controller by removing the
disturbances created by the inherent camsling. The decoupling term should also
include any line inductance present between the PMSG stator teranciie converter
terminals. Figurd.19displays the gaxis control architecture implemented in the PLEXIM
simulation environment. A standard PI controller is used, with the decoupling terms added
as feedforward compensation. The result is thexds vdtage reference supplied to the
PMSGside power converter. A similar process is used to produce -thésdvoltage
reference. However, theakis current reference is usually set to zé¥,[resulting in

unity power factor PMSG operation. In this sitoati only the egaxis current reference is

used to control the PMSG output power.
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Figure 4.19: Qaxis stator current controller in PLEXIM

The PMSG controller presented above has been sHgijto[reliably implement direct
and quadraturexis currat references by controlling the power converter terminal voltage
reference. The generation of the current references is dependent on the control strategy of
the PMSG wind turbine. Fundamentally, the interaction between the PMSG and the wind
turbineismod | | ed by equating the PMSG el ectr omac
mechanical and aerodynamic behavior. The PMSG electromagnetic torque (inQthe D

reference frame) is expressed as follos4:[
v o, . . N e e
Y Er] « 0 U v QQ LTt

wherep is the number of pole pairs in the PMSG rotor. For susfacant PMSG designs,
Lsa can equallLsq [59], resulting in the secondary term disappearing from (50). This
linearizes the electromagnetic torque relation and makes control easier. This behavior also

appears when theakis current is zero (or nearly so) during unity power factor operation.
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Otherwise, (50) is nofinear, introducing additional control difficulties. The use of this

zerod-axis current control method is assumed for simplicity of future analysis.

The sdomain mechanical behavior of the directly coupled PM8@&l turbine system

is modelled as followsg3]:
07 Y Y Y up

where Twr is the wind turbine mechanical torque produced by the bladdbe PMSG
electromagnetic torque anbkicton the torque losses due to friction within the lumped
mechanical systend.is the lumped moment of inertia, amd the mechanical speed of the
rotating system. The electrical angular speed we can be obtained simplitiplymg ¥ m
by the number of pole pairs in the PMSKhe aerodynamic torque of the wind turbine is

expressed as followsJ):

Y g T o 6 _h L C

Wherep is the air density, r the blade radiMginathe freestream wind velocity an@: the

wi nd tur bi neiéns[53t58.rTleutoequeccoedfi¢ients acnonlinear function

of the blade pitclangleb and tipspeed ratice: It is related to the power coefficient C
through division by the mechanical angular velocity. The power coefficient has a

commonlyused exponential approximatiod®d:

6 _h T[EB)px%IB(pT[ST VLQT MY Ko

where thantermediate valug is used to simplify the final equation basedbcanda:
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Figure 420 preents the PLEXIM implementation of this wind turbine moddiere
equations §3) and (54) are implemented within an aerodynamic model subsystem. In this
case, the blade pitch is assumed to be zero, wind turbines of the size used for islanded
microgrids genelly use passive stall or speed control. The wind velocity and mechanical
rotational velocity are inputs to the system, with the resultingsgged ratio and
mechanical torque calculated mathematically. The mechanical torque is then output to the
prime mover of the PMSG, which closes the loop by changing speed based on the dynamic
balance between the mechanical and electromagnetic torques. Fheeaorbehavior of

the wind turbine requires algorithms such as MR#® gain scheduling to optimize
performane. However, the high inertia of the wind turbine leads to the mechanical time
constant of the system being substantially
allowing supervisory control to prevent mechanical instabilities using the PMSG Icontro

references.
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Figure 4.20: Dynanic Wind Turbine Model in PLEXIM

4.4.3: Grid Interconnection usingack to Backower Converters

The grid interconnection of a PMSG wind turbine requires an AC/AC frequency
converter 60]. The variable speed oftiei nd t ur bi ne rotor results
output frequency varying across a wide rangkrect grid interconnection is not possible
due to this forced frequency mismatch. The most commonly used grid interconnection
topology for a PMSG wind tuibe is the backo-back AC/AC converter topology6()].

Figure4.21 presents the PLEXIM implementation of this converter. The PMSG terminal

voltages are fed into afulse, 2 level Insulated Gate Bipolar Transistor (IGBT) converter
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which operates as a coolled rectifier p0]. The IGBT converter uses Space Vector Pulse
Width Modulation B8] (SVPWM) to convert the variabligequency AC input into a DC
voltage across the D{hk capacitor. The Dé@ink capacitor filters out the PWM
commutation, producing a stgy DC voltage for use in either DC interconnections or (in
this case) to isolate the AC PMSG terminals from the distribution grid. ThH&éR&oltage

is then supplied to a SVPWM inverter, again-puise, 2 level IGBT convert¢B8]. The
inverter supplie the AC terminal voltages requested by the grid synchronization and

interconnection controllers described in the previous section.

The control topology described in the PLEXIM simulatemvironment does not have
grid-side control of the Ddink voltage. To maintain Ddink stability, the PMSG control
architecture must set the terminal voltage references to match the PMSG electrical output

power to the inverter demand across thelD&. The DCGlink dynamics are as follows:

‘O ‘O
W I Ta— UL
1O
b
Vdc
imte [k D
Idegen J\ Idcload
vae[>——lvac . (&) (a) . L
C——»vap vopr (1)
vap SYPWM Rectifier SVPWM Inverter Vab™
Rectifie Controller Controller Inverter
@ [ Overvoltage J @
a : 2-Level e Pratection 2-Level : A
(@D 4 IGBT Uk == % 1GBT F -D)
b [ Rectifier Capacitor (V Inverter ‘| B
@ H R =»)
c c

Figure 4.21: Backto-Back Converter Architecture in PLEXIM
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WhereVq. is the DClink voltage,lrectthe current sugied by the rectifier]in the current
drawn by the inverter an@Link the DGIlink capacitance. Inverter dynamics are neglected
due to their fast time constants relative to the overarching controller beh@er.
relationship between the DIk currentand the PMSG terminals is derived by equating
power flow across the IGBT rectifier. The terminal power supplied by the PMSG can be

expressed in the rotating frame as follows:

The rectifier output power is simply:

C

w O L X

Substituting (55) into (57), the relationship between thdiDKCcurrent and rectifier power

iS obtained:
0 —)——7—0 vy

Equating (56) and (58), simplifying, and assuming zeexid PMSG stator current, the

following emerges:

The relationship in (59) indicates that thexqds current reference required for power

balance is as follows:
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Returning to (56) and (57), the rectifier current is expressed as a function abttsestptor

current:

0 ov Q
TR ®p

Substituting (61) into (60) and simplifying, the current reference requirement emerges:

0 Q ‘0 1Q .
= — Q QC
()

Vall e

i
This equation is natinear with respect to the Diihk voltage. However, assuming control

action to maintain a steady Bl@k voltage value, (62) can be linearized and used to tune
a controller. The completderivation of controller behavior and the resultant PMSG and

DC link dynamics is beyond the scope of this thedisther analysis in this area can be

found in B3].

Figure4.22 displays the Ddink controller. A conventional Pl controller formatused,
with a feedforward of the inverter current demand. As seen in (62), this compensates for
the effect of changing inverter current on the-IM& dynamics, improving the transient
performance of the controller. The Bi@k controller provides the @xis current reference
to the PMSG controller. This control format is best suited for standard zetis durrent
control methodologyThe results of the presented control approach is best suited for grid
forming and grigsupporting interconnection topolieg, where the power transfer between
the grid and Ddink is regulated by griide controller action. Griteeding operation
would result in the power references being produced by a wind turbine controller, with

these references then implemented usimgekisting PMSG control architecture. Grid
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Figure4.22: DC-Link Voltage Controller in PLEXIM

feeding operation is unlikely in islanded microgrids with significant wind penetration, as
variations in wind speed would result in microgrid instability due to the lack of electrical
inertia. The use of wind geraion as a reserve for microgrid support and regulation (as
presented inChapter3) required the control architecture presented in @ispter

optimized for gridsupporting operation.
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4.5. Corclusiors

In this chapter an overview of various aspects of analysis, modeling and control of
islandedmicrogrids was presentedAn analytical and numerical framework for the
implementation of winébased reserve generation in islanded microgridsdessloped
within the PLEXIM simulationenvironment. The PLEXIM environment alloiar case
study analysis of wind reserve applicatido@sed on field data and microgrid topologies.
Aspects ofmicrogrid operation and modeling were reviewed, including goianing
techniques, grid synchronization of distributed generation and various-basegd grid
interconnection schemes. These control techniques are applicable to wind turbine
installation. Wind turbine generators were briefly reviewed, with dieee AMSG
designed explored in greater detail. Their stestdye and dynamic behavior was reviewed,
with decoupled rotatinframe control topologies implemented and analytically modeled to
allow for interconnection with islanded microgrids. The grid interconmetopology was
also reviewed, with the behavior of a baolback power converter modeled with respect

to DC-ink voltage regulation.
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Chapter 5: Cartwright 7 A Case Study Resource

Modeling

5.1: Introduction

This Chaptempresents a case sgyaconducted to validate the wind resource modeling,
probabilistic demand analysis and wind reserve assessment algorithms. A remote
community is selected where future integration of wind generation is planned. The amount
of required wind generation, therfimance of the created wind reserve and the general
behavior of the augmented distribution grid is investigated, producing a probabilistic
assessment of dynamic electricity reserves created by the installation of wind generation.
Multiple wind turbine tpes and generation amounts are investigates, allowing engineering
decisions to be made based on the information provided by the prevpresinted
probabilistic wind reserve assessment algorithm. Due to the availability of generation and
environmental da, the community of Cartwright, Newfoundland and Labrador is selected

as the subject community of the subsequent case study.

Cartwright is a small community on the eastern coast of Labrador, Cartaeléocal
electrical infrastructure forms an istéed microgrid- Cartwright is isolated from the
transmission grid and relies entirely on local generation resources. Biduitkistrates

Cartwrightos mi &isagislanded micragtdi reélyeng onufourediesel
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generators(rated 800, 600500 and 400 kW respectivelyp provide electricity to

residemial, commercial and industrial customers. The residential and commercial
customers have a peak demand of roughly 800 kW, with a large industrial load (a shrimp
processing plant) consuming upao additional 400 kW during periods of operation. The
reliance on diesel generation and isol atec
suitability for the inclusion of wingowergeneration. The performance of wind generation

at Cartwright is invstigated using the wind probabilistic wind reserve assessment

algorithm detailed in the previous tv@haptes.

The case study is conducted using fixears (2012014) of hourly wind and odr
environmental datagbtained from Environment Canadkhis data is used to generate the
site wind resource model by utilizing the multidimensional probabilistic modeling
algorithm detailed ifChapter2. Electrical demand data is available for the years 2015 and
2016 with 15minute resolution. The probaisiic electrical demangrofile is modelled
usingthe algorithm detailed i€hapter3. The combined probabilistic wind resource and
demand models will be used for wind reserve assessment, investigating the performance of
potential wind installations antié probabilistic viability of implementing a dynamic wind

reserve.
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Figure 5.1 Cartwright Microgrid Architecture

5.2: The Wind Resource Model

The evaluation of Cartwrightos wi nd res

multidimensional modeling algorithm presentedGhapter2. Five years of hourly wind

velocity data (201€2014) was obtained from Environment Canada. At the same sample
times, the air temperature, barometric pressure and relative humidity were also acquired.
Using the ideal gas law, hourly samples of air density data were generated. The two data
sample vectors were combined to create a bivariate environmental datasetifowinge

resource modeling. As the two environmental variables are not completely independent,

the bivariate Kernel smoothing algorithm is required to accurately model the joint

distribution of the two environmental variables. The environmental datasealsas
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nonstationaryi seasonal and diurnal variance contributors were previously identified to
exist within the sample observations. To account for all these factors, the bivariate,
multidimensional wind resource model was created by fitting the optimiaed t
dimensional Kernel distribution algorithm to appropriate prag@nized subsets of

environmental data.

Figure5.2 (ad) presents the resulting wind/density probability distributions, sampled at
3 a.m.and 5pm on January'hnd August 28. Thesesample times represent the extrema
in the identified seasonal and diurnal wind/density variance, displaying the nonstationary
character of the environmental dataset. FigL2éa)presents the wind/density distribution
at3 a.m.on January 3 The distrbution is bimodal, with a primary peak probability at a
wind velocity of 12 knots and an air density of 1.36 kyj/fsecondary peak exists at an
air density of 1.33 kg/dwith calm winds. In general, the distribution is fairly continuous,
smoothly varyingacross the environmental condition space. A slight correlation exists
between wind velocity and air densithigher wind speeds are associated with lower mean
air density. Overall, wind velocity values of greater than 20 knots are uncommon, with the
air density rarely exceeding the range bounded by 1.25 and 1.42. Kgjmre 5.2(b)
presents the wind/density distribution at 5pm on JanudryThe distribution remains
bimodali the peak wind velocity is at 13 knots with the peak air density near 1.38. kg/m
The secondary peak is more amplified, representing calm conditions with an air density
between 1.28 and 1.36 kginThe highest wind velocity values again tend to occur at lower
air densities, representing a slight negative correlation between theorengintal

variables. The overall distribution is smooth, with the probability mass concentrated
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between wind velocities of 0 and 30 knots and the air density ranging between 1.25 and
1.42 kg/m. The diurnal cycle is not that strong during Jantiatje weaksolar heating
and prevailing synoptic pattern at Cartwright is dominated by the seasonal variability in

climate conditions.

The diurnal cycle has a substantially stronger effect on the observed wind/density
regime. Figures.2(c) presents the probalby distribution at3 a.m.on August 28. At this
time, calm conditions dominate, with the majority of probability mass concentrated at low
wind speeds (under 5 knots) with an air density of near 1.25°kBériods of higher wind
velocity do exist, howeer no significant probability exists supporting a velocity above 20
knots. During this period, the air density varies between 1.20 and 1.3, kighly
clustered around the most likely value of 1.25 Kg/fine wind resource is very poor at this
seasonlaand diurnal phask a wind turbine is unlikely to produce significant energy when
the wind velocity distribution is heavily biased towards calm conditions. FigaKe)
displays the wind/density distribution ap®n. on August 28. At this time of yeg diurnal
cycles are significant. Mesoscale climate phenomena driven by daytime heating has shifted
the most likely wind velocity to 8 knots, with the associated air density at approximately
1.22 kg/m. During this period, calm conditions still exist. Hewver, they are now
dominated by the probability mass at a higher wind speed. Overall, the wind velocity
distribution has significant probability at wind velocities ranging from calm to 20 knots,

with the air density varying between 1.17 and 1.27 Rg/m

The generated wind resource model indicates significant seasonal and diurnal variability

in the underlying statistical behavior of the environmental variables. The wind/density
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probability distribution is substantially more favorable during the wmtamths, with more
probability mass at higher values of both wind velocity and air density. In additional, a
diurnal cycle is observed, where the late afternoon consistently has a wind regime shifted
towards higher velocities. This effect is strongest rduithe summer months. The air
density regime shifts lower due to this cycle, however the net benefit is greater wind power
availability due to the larger relative effect wind velocity has on the power contained within
the wind. 8756 additional wind/densitistributions exist within the generated model,
allowing an assessment to be made for any time of day or day of the year. In most cases,
the distributions smoothlyransition between the extrema presented previolisgome
exceptions exist due to the rile@ly small dataset size and the chaotic behavior of
environmental conditions. For further wind resource analysis, studies of the available wind

power density and theoretical wind turbine power output are conducted and presented.
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The wind power density is calculated by a weighted sum of the wind velocity and air
density values encountered within the multidimensional model. For each time and date, the
wind power equationGhapter2) is used to calculate the wind power density inherent at
each point of the bivariate distribution space. These values are then weighted by their
probability of occurrence and summed to produce a single vaheeexpected wind power
density. The resuls a 24365 matrix of wind power density predictions representing the
seasonal and diurnal variability observed in the wind velocity and air density regimes.
Figure5.3 presents the calculated wind power density values. The wind power density at
Cartwriglt varies from 50 to 500 w/fnwith a minimum during August betwe@np.m.
and3 a.m.The maximum wind power density is during January betv@ezm.and3 p.m.

In general, wind energy is only consistently available from November to March, with
October andApril also having a significant wind resource during the diurnal peak. The
degree of variation due to annual and diurnal cycles is much larger than at a site such as St.
Johndos (1 nmOhapter?)i theeetiseeskentially an order of magnitude vamnain

the available wind energy. Any wind installation must expect quiescent operation during
much of the year, with the majority of energy being produced over a shorter period during
the winter months. The overall wind reserve feasibility and availaiit depend on the

interaction of this variability with the demand profile and wind turbine design.
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The generation of an accurate probabilistic wind/density model allows the prediction of
the performace of a wind turbine installation. Two wind turbine designs are seletied
Northern Power Systems 10@& and Northern Power Systems 1 The NPS 100C
21 is a 100 kW rated wind turbine optimized for higher wind speed operation. It has a cut
in wind speed of 3 m/s, a rated wind speed of 15 m/s and cuts out at a wind velocity of 25
m/s. The NPS 10624 is a similar wind turbine, also with a 100 kW rated output. It has a
cutin wind velocity of 3 m/s, a rated wind velocity of 12 m/s and aotiitwindspeed of

25 m/s. The NPS 1024 is designed for lowerelocity wind regimes. Both wind turbines
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are directdrive, permanent magnet generator designs that use a power electronic converter
system to interconnect with the grid. The power curve of each tunhéhe is available

from the manufacturer. It is interpolated to match the discrete wind velocity values within
the probabilistic model, then expanded to accommodate for the variations in air density.
The result is a matrix of potential power outputsmiaf] the behavior of each wind turbine
within the model design space. Using the methodology describéthapter3, the
probabilistic power output of the wind turbine is developed using the appropriate wind
resource model. This process is repeated for eauth turbine, allowing a comparison of

the probabilistic output of each design. Given the manufacturer power curve and limiting
criterion, any wind turbine design can be investigated in this manner. To more easily
account for the use of multiple turbindéise power output was normalized by the turbine
rating (100 kW for each case) and is therefore displayed iarpevalues. The probability

of quiescent operation (wind speeds below theircwalue) is removed from the

distribution for ease of visual dyais and displayed separately.

Figures5.4(ad) display the probabilistic power output of the NPDdAP1 when
installed in Cartwright. Figur&.4(a) displays the output distribution & a.m, varying
across the seasonal cycle. Throughout the yeannajority of probability mass exists at
less than 10% of the rated output, representing near quiescent operation during wind speeds
in the range of 3 to 7 m/s. The probability of rated power output is expressed by integrating
the probability mass nedr00 perunit i a spread distribution is formed here due to the
variation in air density affecting the actual captured power. At this time, rated operation is

only observed to occur between November and Apalyeverwith a low probability.
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During the reminder of the year, the wind velocity and air density distributions do not
permit full-load operation, indicating that it would be an extremely rare occurrence. Figure
5.4(b) displays the power output distribution &ta.m At this time, similar behaviorsi
observed. However, the change in wind regime due to the diurnal cycle has shifted more
probability mass towards rated power output (during the winter months). During the
remainder of the year, operation is primarily near quiescence (under Quhipesith a

slight secondary peak at roughly 20% of the rated power output, likely driven by the
beginning of daytime heating. Note that Cartwright is a fairly égitude site, therefore

9 a.m.is well after sunrise from May to August where this effect istravslent.

Figure 5.4(c) displays the wind turbine behavior atp.m At this point, the wind
resource is near its overall maximum due to the diurnal cycle. The probability of rated
operation is at its highest, with some probability mass existingglal periods except for
July and August. There is also a reduced probability of quiescent operation, with significant
output in the range of 0.2 panit evident from April to October. However, the seasonal
cycle still dominates the variability in wirtdirbine power output. Figure.4(d) displays
the power output distribution @fp.m.As in Figure5.4(a), quiescent operation is now more
common, with little probability mass above 0.1 peit except for during the winter
months. Rated operation is stibserved during the winter, however it is less common due
to the diurnal cycle partially suppressing the wind velocity regime. Essentially, the NPS
100c-21 will not be active at rated power a significant proportion of the time when installed

inCartwrighb s wi nd regi me.
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Figure 5.4: Probabilistic Power Output of the NPI®0¢21 in Cartwright at (a) 30 a.m, (b) 900 a.m,

(c) 300 p.m.and (d) 900 p.m.
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Figure5.5 presents the probability of quiesceperation (no power output) for the NPS
100c-21 wind turbine, observed ata.m, 9 a.m, 3 p.m.and9 p.m.throughout the seasonal
cycle. Due to the design of the wind turbir
this probability can be as higts 63% at $0 p.m.during August. Fron® p.m.to 9 am, a
significant seasonal cycle is evident in the probability of quiescence, with a winter
minimum (near 15%) observed during January for all 3 observation times. The overall
probability of quiescent opation is highest at:00 p.m.during most of the year, except
for near the summer solstice (May and June) wh&@ & m.exhibits a greater likelihood.
Sunset is later than 9:00pm at Cartwright during this period due to the latitude of the site,
explainhg this variability. At 300 p.m, quiescent behavior is relatively unlikely
throughout the year, peaking at 25% in August and reaching a minimum value of 15%
during April. In general, the NRE00c-21 wind turbine will only produce power between
35 and 85%of the time, with the most reliable operation during the afternoon and during

the winter months.
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Figure5.6(ad) displays the probabilistic power output of the NP&ci24 wind turbine,
again observe8® a.m, 9 a.m, 3 p.m.and9 p.m, respectively. Figur&.6(a) displays the
wind turbine behavior at B0 a.m, throughout the seasonal cycle. Compared to the NPS
100c-21, significantly more probability mass exists at leigberunit power outputs. Rated
operation is more common, and is observed throughout the year (albeit with the same
emphasis towards the winter months). In addition, probability mass is observed at outputs
between 0.2 and 0.35 penit throughout the yeaindicating a more reliable energy supply.

This is due to the NR$00c-24 being optimized for performance at lower wind speeds,
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which better matches Car t wr bh6@jdisgagsthewimdd r e gi
turbineds pr ol®amiTheielettiofcdaytime thgating has ihcreased the

probability ofnon-quiescent behavior during April to October, with probability mass now
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existing near0.30 pefunit during these periods. In addition, rated power operation
continues to become more common during November to March, witlo&dloperation
now represeirig a significant proportion of the total probability distribution. The overall
proportion of noruiescent behavior remains significantly larger than that exhibited by the

NPS10c2 1, reflecting the wind turbiregmedesi gn

The diurnal trend towards increased wind energy production continues ttgqugh
Figure 5.6(c) displays the probabilistic wind turbine power output at this time, varying

across the seasonal cycle. The effect of the diurnal cycle isft@ significant amount of
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probability mass from quiescent operation to pattiat (0.1 to 0.4 peunit) output, with

this effect most evident during May to Octob®&uring the remainder of the year, the

diurnal cycle shifts probability to ratemlitput operation, reflecting the increased
probability of higher wind velocities observed in Fig&2(b) and Figure5.2(c). The

overall effect is more reliable and consmtevind turbine operation due to a diurnally
enhanced wind regime. Figuge6(d) displays the NPS00c2 4 6 s probabil i st
output at9 p.m. The loss of diurnal enhancement has shifted probability mass towards

guiescent operation, producing a distribntsimilar to that in Figur®&.6(a). However, in
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comparison to the NP300c21 (Figures5.4(a) and 5.4(d)) significantly superior
performance is observed, witlygeater proportion of rated output operation and a generally
greater probability of power outputs equal to or greater than O.npeiOverall, a visual
comparison of the probabilistic wind turbine output suggests that the NRS240s a

superior choie for Cartwright.

Figure5.7 presents the probability of quiescent operation (no power output at all) for
the NPS100c-24 wind turbine. Similar to Figure5, the probability is observed &a.m,
9 a.m, 3 p.m.and9 p.m.throughout the seasonalatg. The plot is essentially identical to

that of the NPSL00c-21 (Figure5.5) i each turbine has very similar low whsgeed
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performance, cutting in a 3 m/s. The design of the H16&-24 wind turbine in
combination with Car t waprapdbilitpcs Quescende as hegghg i me
as 62% at @0 p.m.during August. A significant seasonal cycle is evident betwe@h 9
p.m.and 900 a.m, with a winter minimum (near 15%) observed during January for all 3
observation times within this range. Theeoadl probability of quiescent operation is
highest at ©0 p.m.from July to April, During May and June (near the Summer Solstice)
the highest probability of quiescence shifts td0Ba.m.Sunset is later than 9:00pm at
Cartwright during this period due the high latitude of the Cartwright, explaining this
variability. At 300 p.m, quiescent behavior is relatively unlikely throughout the year,
peaking at 25% in August and reaching a minimum value of 15% during April. In general,
the NPS100c-24 wind tubine (similarly to the NPS.00c-21) will only produce power
between 35 and 85% of the time, with the most reliable operation during the afternoon and
during the winter months. However, the analysis conducted previously indicates that it

exhibits superior @rformance during neguiescent operation.
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Figure 5.7: Probability of Quiescent OperatiahNPS100¢
24 at Cartwright

Visual inspection of the probabilistic wind turbine output plots grants valuable
information regarding the absolute and relatperformance of each turbine design.
However, the quantitative performance of the wind turbines is better estimated by
integrating under each distribution to produce the predicted wind turbine capacity factor.
Using the algorithms presented@hapter3, the expected value of the wind turbine output
is calculated, then normalized by the rated power value (100 kW for both turbine designs).
The seasonal and diurnal variability in the wind turbine capacity factor is revealed by this
analysis, allowing fothe continuation of the investigation into the wind reserves generated
by their installation. Figur&.8(a) displays the expected capacity factor of the {463-

21 wind turbine when installed at Cartwright. The seasonal and dicyala variability is
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easily observed, supporting the assertions made when examining the probabilistic wind
turbine power output. The expected capacity factor reaches a maximum of 0.38 between
10:00 am. and 400 p.m.during January. A capacity factor value in excess of 0.3 is
observed throughout the day during December, January and early February, with the
diurnal cycle extending this behavior into March and November during t6@ a0m.to

4:.00 pm.peakwi nd vel ocity period. During these |
sufficient for wind turbine operation at an acceptably high capacity factor. However, the
minimum expected capacity factor is only 0.04, and occurs during August at approximately
11:00 p.m Low capacity factors of less than 0.10 are observed during July, August and

September between® p.m.and 900 a.m The diurnal cycle increases the minimum
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Figure 5.8(a) Expected Capacity Factor of the NR80c21 at
Cartwright
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expected capacity factor to as high as 0.15 during the diurnal peak period, however it
remains low enough to indicate a poor wind resource. In general, the NP 1L@vind
turbine s not optimized for Cartwright O0s

performance.

Figure5.8(b) displays the expected capacity factor of the NIBSc-24 wind turbine.
The general behavior due to the seasonal and diurnal cycle matches that of th@MPS
21, with the minima, maxima and seasedialrnal interrelation having a similar effect on
wind turbine performance. However, the observed capacity fanr@ribstantially higher.
The peak capacity factor reaches 0.5 during January, with values in excess of 0.4 occurring
from November to February throughout the day. The minimum capacity factor is roughly
0.08 during August, with the diurnal cycle increasthis value to 0.20 between 2:00 and
5:00 p.m.The NPS100c-24 has a peageriod capacity factor of 0.15 panit higher than
the NPS100c-21, indicating an expected power output 15 kW higher (assuming a single
100 kW wind turbine). During the nadir, ti¢éPS100c-24 exhibits a capacity factor
roughly 0.05 greater, reflecting a 5 kW increase in average power output. In general, the
NPS100c¢-24 is shown to probabilistically produce approximately-timedl more energy
than the NPE00c-21. However, in each sa the seasonal and diurnal cycle results in

periods of relative quiescence (capacity factors less than 0.1) indicating that during these
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periods windgeneration wouldseldom beavailable This demonstrates the largeale

intermittency of wind generation due to the influence of the seasonal and diurnal cycles.
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Figure 5.8(b) Expected Cpacity Factor of the NP&00c24 at
Cartwright
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5.3: Wind Reserve Assessment

The wind reservés the quantity of wind power available to meet secondary or peak
electrical demand. It is a function of the &itsvind resource, load profile and system
architectureUsing environmental data, the wind resource of Cartwright has been modelled
and the performance of twdifferent wind turbine designs probabilistically investigated.
Utilizing the wind resource, the amount, reliability and effect of the wind reserve can be
guantified through a probabilistic comparison of wind generation, electrical demand their
effects onmicrogrid operation. Continuing the case study, the electrical load profile of

Cartwright is investigated to produce a probabilistic model of microgrid energy demand.

5.3.1: The Load Profile

The load profile of Cartwright was probabilistically mtidd using 2 years of 1ginute
data obtained from Nalcor. The univariate Kernel Density Estimation algorithm produced
a timevariant probability distribution reflecting the observed electrical demand. Figures
5.9(ad) present the probabilistic load prefilsampled at:80 a.m, 9:00 a.m, 3:00 p.m.
and 900 p.m.and displaying the full seasonal cycle. Figbr@(a) displays the demand
distribution at 30 a.m.The load profile is observed to have significant seasonal
variability, with the most likely demma value varying from a peak of 600 kW during

January to a minimum of 325 kW during September. A small secondary peak exists during
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Figure 5.9(a) Cartwright Demand Distribution at:80 a.m.

June, correlating to the demand from shrimp plant during its season of operation. The
distribution of demand values also éits variability, with higher demand variance during

the winter months (likely due to variable heating requirements) and a tighter demand
distribution near the lateummer load minimum. Figue9(b)displays the load profile at

9 a.m. Due to the diurnatycle, the demand values are consistently shifted upwards
throughout the year. The most likely demand increases to 750 kW during January and 475
kW during September. In addition, the demand distributions are wider, indicating a greater
degree of demand wability. The secondary peak during June is amplified, resulting in
demand values reaching a range comparable to the winter maximum due to the increased

industrialdemand.
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Figure 5.9(b) Cartwright Demand Distribution at 9:00 a.m.

Figure5.9(c) displays the demand distribution3§p.m. The demand values are close to
that observed a® a.m, with similar seasonal variability between 400 and 725 kW.
However, the secondary peak is atritaximum amplitudé the shrimp plant is at this point
|l i kely responsible for nearly half of Car
capacity. In general, the degree of demand variability has decreased slightly, resulting in
an overall narrower @mand distribution. A notable exception is during shrimp plant
operation, where its more intermittent energy requirement has resulted in a very wide
demand distribution ranging from 400 to 900 kW. Figbr@(d) displays the demand
distribution a9 p.m.At this point, the shrimp plant is less active, resulting in the secondary

peak being shifted back towards the remainder of the demand distribution. At this time,
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residenti al | oads remain active, causing
to 73 kW seasonal cycle similar to the values observed@ta.m.and3 p.m. The width

of the distribution (indicating demand variability) is similar to that observe?l @i,
narrower thar® a.m.and wider thar3 a.m.Essentially, a seasonal and diurnatleyexists

which effects both the mean electrical demand and the shape of the observed probability
distribution. The shrimp plant is superimposed on this signal, and is more difficult to predict
as its operation is defined mae by regulation of the shrimp season and economic factors

such as prices and demand. Overall, t he
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Figure 5.9(c) Cartwright Demand Distribution at 3:00 p.m.
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Figure 5.9(d) Cartwright Demand Distribution at 9:00 p.m.

provides the initial information required to begin further investigation intoeffects of

wind reserves on system operation.

The further investigation of Cartwrightos
base, secondary and peak demand values, incltiggigseasonal and diurnal variability.
This is accomplished by analysis of the demand cumulative distribution function (CDF),
calculated by integrating the probability distribution model described previously. Points
within the CDF corresponding to speciiumulative probability values emerge, providing
the information required to identify the base, secondary and peak demand. The CDFs

themselves are clearly related to the corresponding load PDF, with the greatest CDF slope
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occurring at the probabilistic pe demand value. The relative effects of the diurnal and

seasonal cycle are clearly visible through their effects on the CDF. However, visual
inspection of the CDF provides little information which has not previously been discussed
with respect to the pralbility distribution model. Instead, the base, secondary and peak
demand profiles are extracted from the CDF in order to display the information required

for further assessment of wind reserves.

Figures 5.10 (a-d) display the base loadsecondary load and peak logdofiles
(including their seasonal variability) sampled @®a.m, 9:00 a.m, 3:00 p.m.and 900
p.m.As discussed i€haptes, the base load corresponds to theércentile of cumulative
demand probability, the secongdoad the 58 percentile and the peak load the"95
percentile. Figuré.10(a) displays the demand profile at0B a.m.The profile is winter
peaking, with the base load varying from 450 kW during January to 250 kW during August.
The base load profile isearly sinusoidal, with the annu@ycle dominating demand
variation. The secondary demand follows a similar pattern, except it is shifted upwards by
between 50 (during August) to 100 (during January) kW due to the presence of
intermittently active custoers. A slight secondary peak is evident during June due to
Shrimp plant operatioin the secondary load increases from 360 kW to 410 kW due to
nighttime plant operation. This increase is also evident (although more prominent) when
examining the peak demapdofile i the peak load increases from 410 to 500 kW before
again declining towards an August minimum of 310 kW. The peak load reaches a maximum
value of 650 kW during January, reinforcing the wisgee a ki ng nat ur e of

demand profile. In adddn, the separation between the peak, secondary and base load
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Figure 5.10(a). Base, Secondary and Peak Demani
Cartwright at 300 a.m.

profiles is highest during the winter load maximum, indicating the greatest degree of

absolute variability in the expectetkectrical demand.

Figure5.10(b) displays the demand profiles abD9 a.m.The standard wintgoeaking
pattern is evident, agreeing with the previously examined probabilistic load model. The
base load varies from a peak of 600 kW during Jgnteaa minimum of 350 kW during
August. There is no real secondary peak in the base load profile, indicating that the shrimp

plant operates less than 95% of the time and therefore is counted as a secondary or peaking
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Figure 5.10(b) Base, Secondary an&eak Demand
Cartwrightat 9:00 a.m.

customer. The secondary demand does show the secondary peaking behavior, increasing
from 575 to 700 kW during the June operating period. The remainder of the year
demonstrates similar behavior to the base load, with the secondary demand varying from a
peakof 700 kW during January to a minimum of 450 kW during August. The secondary
demand varies from approximately 100 kW above the base demand during January to 50
kW during July, indicating the seasoitgicle changes in demand variability. The exception

is during shrimp plant operation, where the secondary demand exceeds the base load by as
much as 250 kW, indicating a highly variable and interment demand profile. The peak
demand profile mirrors the behavior of the secondary demand profile, except foman eve

stronger secondary peak which actually exceeds the winter load maxirthenshrimp
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plant operation period therefore exhibits the annual maximum peak demand of
approximately 975 kW. The remainder of the year exhibits similar behavior to the
secondary deand and the peak pattern fromO@ a.m, being essentially a shifted

secondary demand profile with the value varying from 850 kW during January to 500 kW

during August.

Figure5.10cdi spl ays Cartwrightos base, P& conda
p.m.The general behavior is similar to that previously described, albeit the demand profiles
are slightly lower. The base load varies from a peak of 575 kW during January to a
minimum of 340 kW during August and September. The secondary demand fallows
similar profile, varying from 700 kW to 390 kW. The seasonal cycle in demand variability
is also intact. However, the secondary peak due to the shrimp plant operation is highly
amplifiedi the secondary demand increases from 480 kW to 700 kW duriogénating
season. The peak demand profile also exhibits the amplified peak, increasing from 550 kW
to 880 kW. Similar to at:®80 a.m, the absolute peak demand is observed during plant
operation as opposed to during theterrbase load maximum. FiguselO(d) displays the
load profiles at W0 p.m.The base load has not significantly changed, varying from a peak
of 650 kW to a minimum of 375 kW. The secondary and peak load profiles also exhibit
similar behavior. The secondary demand varies from 740 kW3@ 4V, with the
secondary peak now having a lower amplitude, resulting in an increase from 525 kW to
610 kW. The peak load profile also displays this behavtbe secondary peak of 770 kW
is slightly less than the winter peak of 810 kW, indicating aeledegree of shrimp plant

operation. The peak demand at this time is slightly higher thal®@@tp3m.i this is most
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Figure 5.10(c) Base, Secondary and Peak Deman
Cartwrightat 3:00 p.m.

likely due to greater activity in residential loads. However, the general seasonal and diurnal
variability in load profiles is preservegkoviding valuable information regarding the nature

of electricaldemand at Cartwright.
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Figure 5.10(d) Base, Secondary and Peak Demani
Cartwrightat 9:00 p.m.

Theidentification of the base, secondary and peak demand profiles allow modifications
to the previously defined probabilistic load model. The base load can be removed from the
load distribution, representing the effect of conventional base generation actingrid
forming system. The remaining demand represents that serviceable by wind gefieration
referred to athe secondary demand. Figé-é¢1(a-d) displays the tim&ariant probability
di stribution of Cartwri ghOam9@andB0par. vy dem
and 900 p.m.The characteristics of this probabilistic model provides information which

can be utilized to predict the ability of wind turbines to supplement the conventional base
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loadgenerators. Figurg.11(a)displays the secondademand distribution at@0 a.m.A
seasonal cycle is evident, with the demand distribution being wider during the winter
monthsi the January secondary demand varies from 50 to 200 kW above the concurrent
base load. During August and September, thigibligion is more concentratedthe
secondary demand varies between 10 and 100 kW and has a higher peak probability at
approximately 30 kW. A secondary peak exists during June due to the shrimp fhlant
secondary demand distribution shifts upwards arens, now ranging between 50 and

250 kW asopposed to 10 and 100 kW. Figukell(b) displays the secondary demand
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Figure5.11(a) Secondary Demand Distribution in Cartwrig
at 300 a.m.
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distribution at 9:0@m. A seasonal cycle still exists, however it is less significant, indicating
that at this time the seasonal cycle is primarily manifested in shifting the base load as
opposed to the secondary demand distributiorgdneral, the distribution of secondary
demand has substantially higher variance, with values commonly ranging from 0 to 300
kW above the concurrent base load. The shrimp plant has a more significant effect on the
secondary demand distribution, resultingyalues between 150 and 350 kW becoming the
most common secondary demand values, with isolated instances of up to 500 kW observed.
This reflects the intermittent nature of this industrial customer, shifting the general demand

distribution without signiftantly effecting the base load profile.
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Figure 5.11(b) Secondary Deman@istribution in Cartwright
at 9:00 a.m.
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Figure5.11(c) displays the secondary demand distribution:@® $.m.In general, it is
similar to that observed at® a.m.The seasonal cycle only weakly effects the probability
distribution, indicating its primary effect remaining on the base load profile as investigated
previously. The shrimp plant has by far the largest effect on the demand distribution,
resulting in the scondary demand shifting fromaD0 kW to 200 to 450 kW, with isolated
observations as high as 600 kW above the concurrent base load. Any installed wind
generation must therefore be significantly oversized to meet this demand profile in
comparison to thatbserved during theemainder of the year. FiguBell(d) displays the

secondary demand distribution ab@ p.m.At this time, the shrimp plant is less active,

0.014
Nov
0.012
10.01
Aug
” 10.008
=
e
10.006
May
0.004
Feb 0.002
0
0 100 200 300 400 500 600
Secondary Demand (kW) Probability
Figure 5.11(c) Secondary Deman@istribution in Cartwright
at 3:00 p.m.
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Figure 5.11(d) Secondary Demanistribution in Cartwright
at 9:00 p.m.

resulting in a smédr (albeit still significant) shift in the demand profile. In general, the
secondary demand varies between 0 and 200 kW above the base load for most of the year,
with slight probabilities of 300 kW values seen during December and especially when the
shrinp plant is activé at this point isolated observation of up to 500 kW can be expected.
Overall, the secondary demand profile displays significant diurnal variability, slight
seasonal variability and clearly shows the effect a large industrial customea\eaon a
probabilistic load profile. To further refine this investigation, the peak demand profiles will
also be examined to provide the information needed to evaluate the ability of wind turbines

to provide demand response services by acting as ateharpeaking unit.
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The peak demand is calculated by subtracting the appropriate seasonal and diurnal
secondary (50% cumulative probability) demand from the load observations, keeping only
positive values. This results in a dataset containing all load observationsanpesgi&ing
unit would be used to provide demand response. The probabilistic load modeling algorithm
presented irChapter3 is applied to this dataset, resulting in a tvagant distribution
model of Cart wr i ghil?esd)dsplaykthepdak demand probdbility ur e
distribution spanning the seasonal cycle, observedd@t&@m, 9:00 a.m, 3:00 p.m.and
9:00 p.m.Figure5.12(a) presents the peak demand distribution:@0&.m.In general, the

peak demand ranges from 0 to 100 kW above theopppte secondary demand value.
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Figure5.12(a) Peak Demand Distribution in Cartwright atC®
a.m.
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Some seasondlycle variability is evident within the demand profile, with the winter
months (December to March) exhibiting a higher degree of-geaiand variance (from 0

to 125 kW) while the months of May, July, Augustp&enber and October have the peak
demand probability concentrated at values under 50 kW. The shrimp plant operates during
June, and has the effect of interrupting the seasonal cycle with the returntypet@eak
demand profile. However, as the shrimprilis relatively inactive & a.m, the overall

effect is not as large as that observed later in the day. Figl2@) displays the peak
demand profileaat 200 a.m.The increase inesidential and commercial demand results in

a higher variance within the peak demand profile, with significant probability mass existing

at values of up to 200 kW during the winter months and 150 kW during®dégber. The
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Figure5.12(b) Peak Demandistribution in Cartwright at 9:00 a.n
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shrimp plant now has a more sifigant effect on the demand profile, with the peak
distribution shifting from the 150 kW distribution seen during May te300 kW during

early June, immediately afterwards. Essentially, peaking units must probabilistically supply
more energy (when neetleduring plant operation in comparison to the remainder of the

year.

Figure5.12(c) displays the peak demand distribution #®03p.m.At this time, the peak
demand distribution is somewhat more concentrated for the majority of the year, varying
between 0 and 100 kW above the secondary load. The shrimp plant has the largest effect,

being fully active. During June, the peak load distidouincreases to as much as 400 kW

10.015

Date

10.01

0.005

: 0
0 10 200 300 400 500 600
Peak Demand (kW) Probability
Figure 5.12(c) Peak DemandDistribution in Cartwright at 3:0(
p.m.
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above the secondary load value. In addition, a bimodal peak is revealed corresponding to
early and late June, indicating that the shrimp plant is most active near the beginning and
end of its operation season. Fig&.&2(d) displays the peak demand distribution #09

p.m. At this time, the shrimp plant is mainly quiescent, only slightly shifting the peak
demand distribution. The seasonal cycle is still observable, with a more concentrated
demand profile during the Mayd July to October. During November to April, the demand
distribution has higher variance, with values in excess of 100 kW more common. Overall,
the peak demand distribution acts as rabpbilistic load model for wind reserves

implemented as peaking units. As the base load and secondary demand is supplied by

Figure5.12(d) Peak Demandistribution in Cartwright at 9:0(
p.m.

193




































































































































































































































