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Abstract
A biologically inspired method, involving the design of an energy manager, for coordinating the
operation of a hybrid renewable residential micro-grid is presented. Flexible optimization
procedures that minimize the cost of renewable distribution generators based upon the climate
and location of the load profile have been developed and modeled in simulation. A novel design
of a dual channel converter system and its control system forms the distributed energy storage
(DES) system that features the capability of balancing the power flow in the micro-grid (even in
the grid-off mode). The proposed energy management system utilizes a back propagation neural
network in order to predict the state of charge (SOC) of the DES, yielding the reference value of
control variables, which allows the micro-grid to respond to the desired operation conditions
rapidly fast with acceptable controller error. Preliminary results indicate that the DES system

allows for the implementation of energy management strategies in a technically viable manner.



CHAPTER 1
Introduction
1.1 Problem Statement and Dissertation Objectives

Environmental, economic, technical and government incentives make it essential to
promote deregulation of the current power system structure. Traditional centralized power
systems are merging to a new revolutionary network concept, smart grid, which represents the
people’s best wishes of the next generation of the robust electricity grid. The emergence of
distributed generation systems (DGs), including wind turbines, photovoltaics, fuel cells, internal
combustion engines, and others, has opened new opportunities for electricity end users to
generate power on site [1]. This fact introduces the microgrid concept, a fuzzy but constructive
distribution network topic, which leads the direction for rethinking how to accomplish the
desired distribution network restructuring and improvement. Furthermore, the microgrid brings
various desired benefits, which include: increasing the reliability of power supplement; a high
share of renewables which improves the environmental profile; high power quality decided by
the local control system; low cost or no cost of the fossil fuel and its transportation [1-4].

In 2000, Baker and De Mello defined the microgrid as “the portion of an electric power
distribution system located at the downstream of the distribution substation includes a variety of
DGs and different types of end users of electricity” [5]. In this research, the microgrid only uses
renewable energy technologies, including wind and solar power conversion systems, as the
power generation methods to meet the general purpose of the Green Renewable Energy and
Technology Transfer (GREATT).

In a given location where a renewable microgrid project is being considered, renewable

energy resource assessment, residential load profile modeling, optimal sizing and control of the



DGs, DESs and energy management strategy developing are significantly different from those
applied to the conventional power systems. The main reasons are: (1) “non-dispatchable”
generation of the DGs, (2) fast dynamical controller design of the electronic interfaces, (3)
different energy management concentration.

The implications of the above challenges on planning, control, and energy management
strategy development and implementation of a renewable microgrid have never been
comprehensively investigated.

The objectives of this dissertation are:

1. To develop a schematic to assess the natural resources and optimize the size of the
renewable distributed generators at any given location based on historical climate
measurements and load profile.

2. To develop a dynamic model of electronically-interfaced distributed generators and
energy storages.

3. To develop the algorithm and controllers that ensure the microgrid is stable and meets the
operational requirements by adjusting the related system parameters based on Objective 1
and 2.

4. To develop an energy management strategy that ensures microgrid stability in
autonomous operation without shading the residential loads based on Objective 3.

5. To develop an artificial neural network based energy manager for learning and

implementing the energy management strategy developed in Objective 4.

1.2 Dissertation Layout

The rest of this dissertation is organized as follows:



Chapter 2 introduces the probability modeling of the climate measurements, including the
wind speed, the global solar radiation, and the air temperature. The residential load modeling
applies the Fourier decomposition and regression method. The procedure of optimal sizing of
the renewable DGs by the non-uniform simulated annealing is presented in the last section of this
chapter.

Chapter 3 covers the dynamically modeling and controller design of the electronically
interfaced DGs, including the solar and wind energy conversion systems, distributed energy
storage system, and their associated power electronic interface systems.

Chapter 4 discusses the microgrid operation modes, and the challenge of microgrid power
flow analysis in autonomous operation mode. The procedure of microgrid planning combined
with system stable operation algorithm in autonomous mode is proposed in the last section of
this chapter.

Chapter 5 introduces the back propagation neural network (BPN) and proposes the BPN
based energy manager design. The co-operation procedure between the BPN based energy
manager and the microgrid is concluded in the last section of this chapter.

Chapter 6 conducts an experimental case study of the biologically inspired energy
manager design. The desired microgrid aims to support 1000 households in the study area
located in Phoenix, Arizona. The experimental results demonstrate that the proposed methods
can realize the desired functions fast and precisely. Compared with other methodologies, the
predicted state of charge of the distributed energy storage by using the back-propagation neural
network based energy manager is more accurate.

Chapter 7 provides the comprehensive summary and conclusions of the work undertaken

in this dissertation and also suggests potential research topics for future studies.



CHAPTER 2

Optimal Sizing of Renewable Distributed Generators in a Residential Microgrid

2.1 Introduction

Compared with other distributed renewable energy generation technologies, photovoltaic
(PV) systems and wind turbine (WT) generation systems are less limited by the geographical
features and conditions for continuous power production. Considering the PV and WT are
excited by different climate conditions, a hybrid PV and WT distributed generation system is a
desired clean energy option for the microgrid autonomous operation. However, the main
challenge to promote such a significant system is the cost of system installation, maintenance
and operation. As a result, the optimally distributed generator sizing for reliable power

supplement is extremely necessary for cost reduction.

2.2 Probability Modeling of Wind Speed

Different methods were applied to wind speed modeling. Soman presented a review of
Wind Power and wind speed modeling methods with different time horizons [6]. All of the
reviewed technologies, including numeric weather predictors (NWP), artificial neural networks
(ANN), time-series models, and so on, focused on relative short-term forecasting in the time
domain, compared with long-term micro grid planning. The main reason is that the wind speed
is uncertain and stochastic in nature. Since the wind speed is a random variable, the long-term
historical data is required for the probability model for the wind energy potential evaluation at
any given location. Various probability models have been used to describe wind speed
distribution. The histogram of the frequency versus wind speed shows that the two-parameter

Weibull distribution function is the best model for representing common wind behavior, and it is



the most widely used model as well [7-9]. In this research, the Weibull distribution is applied to

model the wind speed profile at a given location.

The two-parameter cumulative Weibull distribution function F (u) is defined as [8-10]:

F(u)=1-exp| ~(u/c)| 2.1)
where k is the Weibull shape parameter; ¢ is the Weibull scale parameter, ms™; u is the

sampled observations of wind speed, ms™.

The two-parameter probability density function f (u) is defined as [8-10]:

WL (]

Before the two-parameter Weibull distribution function model is applied to model the

wind speed profile, the measured wind speeds that were not calm were stored into 25 classes as
shown in Table 1, which are defined by National Climatic Data Center (NCDC) for the Wind

Energy Resource Information System [10]. The upper wind speed limit is inclusive. The central

wind speed of the 25" class is chosen as 43 ms™, as if the upper limit is 45.5 ms™. In reality,
the upper limit of the last class is infinity.
The normalization equation for eliminating the calm frequency in each wind speed class

IS given as:
F (u)=M i=1.--25 (2.3)

where F, (u) is the cumulative distribution probability for the i, wind speed class; F,, (u) is the

normalized cumulative distribution probability for the i, wind speed class without the calm



periods, and F, is the probability of the calm periods. By emerging Equations 2.1 and 2.3, we

can obtain the normalized non-calm cumulative probability for the i, wind speed class.

Table 1

25 Classes Used for Sorting the Non-Calm Wind Speeds.

F.(u) :1—exp[—(u /c)kJ

Class Wind Speed (m/s)
Lower Upper Central
1 0.5 15 1
2 1.5 2.5 2
3 2.5 3.5 3
19 18.5 19.5 19
20 19.5 20.5 20
21 20.5 25.5 23
22 25.5 30.5 28
23 30.5 355 33
24 355 40.5 38
25 40.5 inf. 43

(2.4)

Many methods can estimate the two parameters of the Weibull distribution, including

Weibull probability plotting, hazard plotting technique, maximum likelihood estimator (MLE),

and so on [11]. In this research, the least squares (LS) method is applied.

By taking the logarithm twice at both side of Equation 2.4, it transfers to:

In(—(l— F. (u))) =—kIn(c)+kIn(u)

(2.5)

If we let y:In(—(l— Fiyn(u))), a=—k-In(c), b=k, and x=In(u), Equation 2.5 can

be rewritten as:



y =a+bx (2.6)
or in matrix form:

Y =W . X 2.7)
where X =[In(u,),1]; Y = In(—(l— F. (ui))); i=1.--25. By using the least squares method,

the weight matrix W would be obtained by:

b 1
W=M=(XTX) XTY (2.8)
By using the method described above, the Weibull shape parameter k and scale parameter
c can be estimated. Figure 1 shows the comparison between the probability density functions of
the measured samples and the modeled results in May. The blue curve is the measured hourly
wind speed probabilities, and the red curve is the simulated probabilities by using the Weibull
distribution probability model. Figure 2 displays the comparison between the cumulative
distribution functions of the measured samples and the modeled results in May. The blue curve
is the measured hourly wind speed cumulative probabilities, and the red curve is the simulated
cumulative probabilities by using the Weibull distribution probability model. Once the two

parameters are estimated, the simulated Weibull distribution based wind speed model is

constructed. The average wind speed V; of the j, month is defined as:

25
Vi=>u-p(u) j=1.-12 (2.9)
i=1
where i is the index of the wind speed classes, u. is the central speed of the i, wind speed class

in the j, month, and p(ui) is the probability of the i, wind speed class. Usually, the wind



10

speeds are measured at anemometer height due to the wind shear, and it is significantly lower

than the wind speeds at hub height.

0.35 T T T T T T L [
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Figure 1. Comparison between the measured hourly wind speeds probability density function

and the simulated Weibull distribution probability density function.

The power law equation is applied to calculate the average wind speed at hub height [8].

Vv (HY
A :(—) (2.10)

where V is the average wind speed at hub height H , V, is the wind speed at anemometer height

H,, and o is the wind shear exponent. In the low altitude, the wind shear exponent is

approximately equal to 1.
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Figure 2. Comparison between the measured hourly wind speed cumulative probability function

and the simulated Weibull distribution cumulative probability function.

2.3 Probability Modeling of Global Solar Radiation and Cell Temperature

The solar energy conversion at a specific site is decided by the global solar radiation
received by the PV cells and the PV cell temperature [12].

Many previous studies have been made to model the behavior of global solar radiation
directly or indirectly, and the most commonly used methods are based on the probability models.
Assuncao proposed an hourly index frequency model of the solar radiation by using the Beta
probability function [13]. Yaramoglu improved Assuncao’s model that the solar radiation index

was replaced by the cloud cover index [14].



12

In recent years, researchers focus on modeling the clearness indices or cloud cover
indices by using different distribution functions, such as Weibull, Normal, Log-normal, Log-
sigmoid, and so on. However, none of them are proved that it is generalized for any given
location, and the physically based model is insufficient because of lack of measurements of all

variables it needs. According to these difficulties, the average global solar radiation calculation

in this section is only based on expected value E (x) of measured samples without considering

any pre-defined distribution functions.
Similarly, the global solar radiation is distributed to 25 pre-defined classes. Each class

has equal step size based on the maximum and minimum observations during the research period.

If X isadiscrete random variable with probability mass function p(x), the expected

value becomes:
E(X)=2_xp(x) (2.11)
i=1

Assume G contains n measured global solar radiation samples over a range of time, the

mean global solar radiation over this range of time is:

E(G)=ggip(gi) (2.12)
where E(G) is the discrete expected value of a vector contains n classes. In practical, random
variables are classified into a number of classes, and replaced by the mean value g, of samples

in the i, class. p(g) is the probability density function of the vector G .

The cell temperature T, is obtained by using the Normal Operating Cell Temperature

(NOCT), listed on the PV module manufacturer datasheet [15]:
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T. =T, +(NOCT - 2000)(%} (2.13)

Equation 2.12 can be revised and applied to calculate the average air temperature as:

= Zta,i p (ta,i ) (214)
i=1
and the average cell temperature is calculated as:
E(T,) =E(T,)+(NOCT - ZOOC)(EgE)c(;))j (2.15)

Once the average global solar radiation and air temperature are obtained, the average cell

temperature is obtained.

2.4 Average Solar and Wind Power Calculation

The average monthly wind power converted PWTavgi for a particular wind energy

conversion system can be calculated as:

P WTayg i ('B’ Opt)(lpAVwavgl j (216)

where C is the wind power extraction fraction; is the optimal tip speed ratio; g is the

opt

blade pitch angle; p is air density; A is the blade swept area; v,

wavgi 1S the average wind speed
in the i,, month obtained from the wind speed probability model. The detailed information of
Equation 2.16 will be discussed in the next chapter.

The average hourly solar power converted P, for a particular solar energy

solar,q

conversion system in the i, month can be calculated as:

I:)'solara‘,gl = Iavg,i 'Vopt,i (217)
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where | is the average hourly terminal current outputs under the maximum power point

avg,i

tracking in the i, month; V.

opti 1S the optimal terminal voltage, which yields to the maximum

power output in the i, month. The detailed information of Equation 2.17 will be discussed in

the next chapter.

2.5 Residential Load Modeling

This section concentrates on the modeling of residential power loads using the Fourier
series decomposition of historical loads. A general residential power load model can be divided
in to three components shown in Figure 3. Compared with the wind speed model and global
solar radiation model, the residential power load can be modeled based on its periodical features.
As shown in Figure 4, the hourly average residential load curve over 2 years has an obvious
character of seasonal effects, which are summer cooling and winter heating. This fact can be

written as:

Load = Load,,, + Load,,,, + Loade, a (2.18)

Base
By using the Fourier series decomposition, Equation 2.18 can be rewritten as:

RL, =b, +bm; +b, cos(w,m, )+b, sin(w,m, )+b, cos(2a,m;) )10
+b; sin (2a,m; ) +---+b,, cos(na,m; ) +b,,., sin (na,m; ) (2.19)

where b, is the base load, b, is the linear growth rate, b, to b, are the coefficients of Fourier

fundamental and the harmonics, m, represents the i, month, «, =2—”=% is the fundamental

VA

frequency, which means there are two peaks in a year if using the monthly data, and n-@,=n- 5

represents the frequency of the n,, order harmonic.
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Figure 3. Average hourly residential load curve.

Equation 2.19 can be rewritten in the matrix form as Equations 2.20 and 2.21, and solved

by the least square method as shown in Equation 2.22.

1 1 sin(w) cos(w) sin(2e,) cos(2w) - sin(nw,)  cos(na,)
X:? 2 sin(:a)oz) cos(:a)OZ) sin(2:w02) cos(2:a)02) sin(rja)oz) cos(rja)OZ) (2.20)
1 N sin(e,N) cos(aN) sin(2g,N) cos(2w,N) - sin(ng,N) cos(nayN)
RL,
RL,
= . (2.21)
RL,,

then
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Figure 4. Residential loads decomposition.

The simulated average hourly load curve can be obtained by:

Y =W-X

16

(2.22)

(2.23)

Figure 5 depicts the comparison between the measured average hourly load curve and the

simulated average hourly load curve. By expanding the index of the month, this model is also

able to predict the average hourly residential load in future months.
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Figure 5. Average hourly residential load modeling.

2.6 Objective Function Setup

The objective of optimal sizing the distributed generators is to minimize the cost of
installation, operation & management, subject to the different nature and demand profiles, within
a certain time period.

Many previous studies are completed to generalize the objective function for optimal
sizing the DGs. Some of these researches over simplified the residential power demands by
treating the dynamic load as a constant one. Some others used the controllable distributed
generators like micro gas-burn turbines to compensate the disadvantages of the renewable

generators, which makes the problem more flexible but less challenged. Agalgaonkar, et al
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presented an optimal sizing method to find the minimum cost of energy and optimal mix of
dispatchable distributed energy resources with multiple sources and sinks over a year [16].
Wang, et al proposed a life time optimal renewable micro grid design, but its demonstration is
based on short-term climate and load data set, which may accumulate the prediction errors if
using in long-term simulation [17].
To secure the long-term micro-grid demand and low renewable DG costs, the
optimization strategy should consider:
1. Along term planning project should be separated to several subjective short term projects
for adjusting to the rapid changing of the cost of renewable DGs and the growth of load.
2. The energy production calculation should only be based on the actual power generation
derived from the climate information rather than the rate information listed on the device
name plates.
3. The power generated from the renewable generators should always meet the load
demands, especially in the poor nature resource seasons, which ensure the power

supplement.

A fully functional microgrid can operate in both grid-connected and grid-off modes.
However, it is prior to consider the optimal sizing problem under autonomous (grid-off)
operation mode due to the energy supplement reliability, even grid-connected operation mode
requiring less investment. Also, the different financial options can generate different objective
function. In this research, a general objective function of the cost minimization is considered as

following:

totoal ann ann

Objective - Min (Cann) — Min (C Installtion T CO&M _ CSaIvage) (224)

subject to:
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PDGi min < I::’DGi < I:)DGi max (225)
D P 2Py J=1-12 (2.26)
i=1

installation’ CO&M , and Csalvage are the

ann ann ann

where C_. is the annual total cost of a DG combination; C

capital installation, O&M (operation and management) cost, and salvage value after a year,

respectively; Py ; is the power production of the i, distributed generator in the j, month, and

P

et j 1S the load demanded in the j, month.

If the average solar power and wind power output are known for particular solar panel
and wind turbines, and the average residential load is known as well. The constraints of the

objective function can be replaced by:

Ctlorgtlalltion —a- installtion Pvc'?ted + b . Csigfgilltion . Ps:)?:rd (227)
Con" =a-Ci™ - Ri™ +b-Clir - PAw (2.28)
Con™® =a-Cr™"" - Rif* (1= Dyr ) +b-Cgid™ - Py’ (1~ Dy ) (2.29)
a- I:)\/\/Tavgi + b ’ I:)'solar,ﬂ“,gi 2 I:)Ioad,i I =1.-12 (230)
I:)Ioad,i H

ae[0,max| — [+1] i=1---12 (2.31)

P\NTavg,i

P
be[0, max[ﬂJ+1] i=1-12 (2.32)

solar,g i

where a and b are numbers of the wind and solar power conversion systems planned; Cj"""

and C™@"@%" are the installation costs for the wind and solar power conversion systems in

solar

$/KkW ; P2 and P are the rated powers of the wind and solar power conversion systems in

solar
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kw; D,, and D, arethe monthly depreciation ratio of the wind and solar power conversion

solar

systems.

2.7 Non-uniform Simulated Annealing Algorithm

Simulated annealing (SA) is a local search algorithm (meta-heuristic) capable of escaping
from local minimum by applying the hill-climbing strategy as shown in Figure 6. SA mimics the
metaphor of the process of physical annealing with solids, in which a crystalline solid is heated
and then allowed to cool very slowly until it achieves its most regular possible crystal lattice
configuration (i.e., its minimum lattice energy state), and thus is free of crystal defects.

If the cooling schedule is sufficiently slow, the final configuration results in a solid with
such superior structural integrity. Simulated annealing establishes the connection between this
type of thermodynamic behavior and the search for global minima for a discrete optimization
problem. Furthermore, it provides an algorithmic means for exploiting such a connection.

Theoretically, the convergence of simulated annealing for finding the globe minimum
was proven based on both homogeneous and inhomogeneous Markov chain theories in [18-25].

The proofs using homogeneous Markov chain requires that each temperature t, is held constant

for a sufficient number of iterations m such that a non-negative square stochastic matrix, defined
by the transition probabilities of generating a candidate solution @' from the neighbors of
solution @ e Q can reach its stationary distribution. The proofs using inhomogeneous Markov
chain need not to reach a stationary distribution, but an infinite sequence of iterations k must
still be examined with the condition that the temperature parameter t, cool sufficiently slowly.

In a word, the theoretical convergence proofs of simulated annealing require a very large number

of new solutions to examine whether the state of energy is frozen or not, and it is very difficult or

impossible in practice.
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Figure 6. Simulated annealing cooling procedure and its hill climbing feature.
In practical, the challenges of applying simulated annealing for optimization problems
can be divided into two problem-specific aspects.
1. Choice of a new solution generator.

2. Choice of cooling schedule.

The efficiency of simulated annealing is highly influenced by the neighborhood function
used. However, the neighborhood structure is decided by the nature of the problem, which is not
easy to be captured in most cases. In general, a uniformed mutation function is applied to
generated new solutions as follow:

@' =round (U (@ya = @pip )+ O ) (2.33)
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where @' is a new solution, '€ Q, U (x) IS a uniformed random number generator, U (x)

ranges from [0, 1], and @

in s and @, are the lower limit and upper limit of the @ based on the
hard constraints of the objective function, respectively. If this uniformed mutation function is
executed with enough times, all the possible solutions will be explored, which is similar to the
greedy algorithm. Hence, the genetic mutation function has to be modified to enhance the
efficiency of searching the optimal solution in the space. Ideally, a desired mutation function is
capable of searching the space uniformly at early stages and locally at later stages. For this
reason, Michalewicz proposed a dynamical non-uniform mutation operator to reduce the

disadvantage of random mutation in evolution algorithm, and it is also valid for the simulated

annealing [26-28].

For each individual Q! in a population of the t, generation, create an offspring Q"

through a non-uniform mutation as follows: if @} ={w@,,"-&,,--,

m

} is a chromosome (t is the

generation number) and the element «, is selected for this mutation, the result is a vector

O ={w,a - a,}, where

AN @, —o, if =1
n+1={w“+ (.0, =) 7 (2.34)

a)n—A(n,a)n—a)mm) it n=-1
where 7 is a random number, which has the equal probability of 7 =1 or n=-1; n is the
number of the current epoch.
The function A(n,y) returns a value in the range [0, y] such that A(n,y) approaches to

zero as n increases. This property allows this operator to search the space uniformly at early

stages (when n is small), and locally at later stages. The definition of A(n, y) is as follow:
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A(n,y)= y-[l— r(l_%j ] (2.35)

where r is a uniform random number between [0,1], N is the maximal generation number, n is

the current generation number, and b is a system parameter determining the degree of non-
uniformity.
The distance D between the old solution x and new solution x in a neighborhood N

will be:

D=[x-]
= lJrTr(xmax - x)[l— r[l%) J+1_Tr(x— X )[1— r(l%] J (2:30)

The expectation of the random radius of two adjacent neighborhoods is:

LN

E(D) =P(n :1)(Xmax - x) E{l— r[ Nj }_ P(y = —l)(X— Xmin)E[l_ r(l‘%j ]
oo e

0
Xinax ~ X 1
= 1- -
2 ( 1+(1(n/N))]

when n=0, E(D)—)X”‘axf;xm"‘,when n=N, E(D)—0. Neither likes the Gaussian

mutation which only locally searches nor Cauchy mutation which makes large step size in the

whole search process [29, 30]. Let f(n)=E(D), which is a differentiable function, then we

have that f (n) is a decreasing function of n (supposing n being a continuous variable though

it is a discrete one), because
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d 11/(1+(1'1ij
dfi(n) x_ —x N

— ‘max min

dn 2 dn

(2.38)

| K OIME0IN)

2 @+@—@/NT»2

Equation 2.38 provides the main property of non-uniform mutation operator. That is, the

expectation of the random radius of neighborhood monotonously decreases with the progress of
the algorithm in the sense of probability. Furthermore, this dynamic operator has the features of
searching the space uniformly at early stages (when n is small), and locally at later stages.

Once the choice of a new solution generator is made, the next step is to choose the proper
cooling schedule. The simulated annealing cooling schedule is fully defined by an initial
temperature, a schedule for reducing/changing the temperature, and a stopping criterion. Romeo
and Sangiovanni-Vincentelli noted that an effective cooling schedule is essential to reducing the
amount of time required for finding an optimal solution [31]. Therefore, much of the literature
on cooling schedules is devoted to this topic theoretically. However, as same as the choice of a
new solution generator, it is also very difficult to apply those theoretical cooling schedule in

practice. A common used cooling schedule is defined as follow:

t,=at (2.39)

Where « is a decreasing coefficient, 0.9 <« <1. The temperature is decreasing, while the

iteration number is increasing. In theory, the initial temperature should be high enough to excite
the inner particles. However, in practice, if the initial temperature over heats the inner particles,
the annealing process will be trapped in iterative uphill and downhill movements. In this paper,

the initial temperature will define by experience obtained in the experiments.
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Based on the explanation above, the non-uniform simulated annealing algorithm is

concluded as follows:

1.

Set the initial temperature to t,, maximum iteration number N, the temperature
decreasing coefficient « and the initial iteration index n=0.

Generate the initial neighborhood of k solutions @ --- @, @' €Q, i=1.--k, each of
which has m independent components, " :[xi”J,xifz,xiﬁ3,---,xiﬁm]. Evaluate the initial
solutions based on the energy function, E(a)i”).

Choose the best solution @, as the current state @, n=n+1.

For each parental individual, »" = [x{fl, D xiﬁmJ, randomly generate a m-length
decimal sequence [r,r,,---,r,]. Foreach componentof ', x ", i=1--k, j=1.--m,
construct x;'; ' using the Equation 2.34 and new individual is denoted by @"'. Evaluate

the solutions based on the energy function, E(af"").

Choose the best solution wg‘ as the alternative state o, .

If E(0,)<E(@,), o, >, t=a-t.

If f(e,)> f (@) witha probability exp(—(E(a)c)—E(a)a))/(k-t))< r,then o, - w,,

t=ca-t where r is a randomly generated decimal; k is Boltzmann constant; t is the
current temperature.
Repeat steps from 3 to 7, until the stopping criteria until current epoch number n is

equal to the maximum epoch number N .
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Figure 7 displayed the charts flow of the non-uniform simulated annealing optimization

procedure.

Select initial temperature T,

Defined the maxithum iteration number N
Generate the initial solution @,
Calculate the initial energy E_

n=1
T=T,

|

Generate a new solution o, using
— Non-uniformed mutation function
Calculate the new energy £, €

New solution is @,

> Minimum Energy is E,

T=T-a
n=n+l1

end

Figure 7. Non-uniform simulated annealing optimization procedure.

In the condition block p <r there is a bi-directional signal flow. This block determines

the non-uniform simulated annealing is capable of avoiding the local minimum, when it is



searching the global optimum solution. Different selections of initial temperature, maximum
iteration number, or degree of non-uniformity of the mutation function will yield to different

performances of the non-uniform simulated annealing.

27
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CHAPTER 3

Dynamic Modeling of Residential Microgrid

3.1 Introduction

In the last chapter, the optimal sizing of renewable distributed generators is discussed
based on the long-term probability models of variant types of nature recourses, including wind
speed, global solar radiation, and cell temperature. The generation capacities of different DGs at
a given location over a specified period are available. In this section, the dynamic models and

their control systems will be presented.

3.2 Photovoltaic (PV) Modeling

The PV system produces power without harming the environment by transferring a free
inexhaustible source of energy, solar irradiation, to the electricity. This factor associated with
continuously decrement of the cell cost and increment of the conversion efficiency promises a
good future of PV generation.

3.2.1 Mathematical model of PV arrays The fundamental unit of a PV array is the solar
cell, which is basically a P-N semiconductor junction that directly converts the light energy into

electricity [32]. Figure 8 displayed the equivalent circuit. The current source |, represents the

cell photocurrent inspired by the global solar radiation and constrained by the cell temperature.

The diode is used to mimic the non-linear performance of the P-N junction, and the Shockley

diode current |, varies with the terminal voltage V . Based on the Kirchhoff current law, the

terminal current output | can be calculated. Because the Shockley diode current |, is

constrained by the terminal voltage V , terminal current 1 is also constrained by the terminal
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voltage V . As a result, this fact introduces the maximum power tracking problem, which will be

covered in the next section.

&H
~

Figure 8. Equivalent Circuit Diagram of a PV Cell.

The cell photocurrent |, is governed as:

=1k (T )] (61

ref

where 1 is the short-circuit current at cell reference temperature T,

c,ref

(300k); G, is the
reference radiation (1000w/ mz); k. is the short circuit current temperature coefficient, which is
decided by different types of cell materials; T, and G are the arbitrary cell temperature and
radiation. T, is calculated by the equation as follow:

T, =T, +(NOCT —20%)({3‘%) (32)
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This method yields satisfying results if the PV modules are not roof integrated. NOCT is
calculated for a wind speed v=1ms™, an ambient temperature T, = 20°C and irradiance
S =800W / m* [33, 34].

The Shockley diode current |, is defined as:

Iy =1, {exp[lﬁr—\/p\j—l} (3.3)

where q is the charge of an electron; k is the Boltzmann’s constant; A is the P-N junction
ideality factor, which determines the cell deviation from the ideal P-N junction characteristics,

normally 1< A<1.6. The cell reverse saturation current | varies with the cell temperature

respect to the following [35-39]:

3
Irs = Irr T_C exp % 1 _l (34)
Tc,ref kA Tc,ref Tc

where E; is the band-gap energy of the semiconductor used in the cell (E; =1.12eV for the

polycrystalline Si at 20°C [36]); I,, is the reverse saturation current at cell reference cell
temperature calculated as:

sc, ref

! /AV,,)-1

r

= exp (V (3.5

oc,ref

By using the Kirchhoff current law, the current output 1 will be obtained by:

I=1, -1 {exp[%}—l} (3.6)

As a result, the output power can be calculated as:

P=1-V (3.7)



Figure 9 plots the 1-V curve, which is modeling a practical PV array, KC200GT Solar
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Array, under the standard test condition. The terminal voltage is increasing from OV to the open

circuit voltage. The terminal current is decreasing from the short circuit current to OA.
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Figure 9. |-V curve of the KC200GT solar array in the standard test condition.

Figure 10 plots the P-V curve in the standard test condition. When the terminal voltage is

increasing from OV to the open circuit voltage, the power output is increasing at early stages
rapidly. After the power curve passes the maximum power point, it will begin to decrease at

later stages. This feature introduces the maximum power point tracking of the solar panels,

which allows it produce the maximum power by varying the terminal voltage.

Figure 11 plots the P-V curves under different solar irradiances and temperatures, the

blue curves represented at 25°C ; the red curves represented at 50°C ; the black curves
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represented at 75°C . The lower cell temperature yields to the higher power output. The solar

array parameters of KC200T are shown in Appendix.
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Figure 10. P-V curve of the KC200GT solar array under standard test condition.

3.2.2 Optimal power point tracking As shown in Figure 12, the power generated by the
PV arrays at any pair of global radiation and cell temperature varies based on different terminal
voltage applied. For tracking the maximum power output, a variable DC voltage generator is
required to be mounted at the terminal end of the PV array. The voltage level should be adjusted

to meet the optimal voltage which generates the maximum power output. The optimal terminal

voltage V_ is determined as:

when
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—=0 (3.8)

then
Vi =V, 3.9)
where V, is the terminal voltage, which ranges from0Oto V..

As a conclusion of previous modeling steps, the equivalent circuit diagram of a PV array
shown in Figure 8 has been further developed and displayed in Figure 12. The radiation inspired
current |

the terminal voltage dependent current I, and the optimal terminal voltage V,, are

pv ! rs

the inputs of the diagram, and the output is the maximum power output P, .
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Figure 11. P-V curves of the KC200GT solar array under different test conditions.
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Figure 12. Equivalent circuit diagram of a PV Cell with a controlled current source, equivalent

resistors, and the equation of the model current 1 ;.

3.2.3 Power electronic interface of the PV As concluded in the last section, the terminal
voltage of the PV circuit varies to generate the maximum power output. In order to maintain a
constant terminal DC voltage, an inductive DC/DC boost converter is required. Another DC/AC
three phase inverter is also required for inverting the DC power to three phase power.

3.2.3.1 Inductive DC/DC boost converter The equivalent circuit of a general inductive
DC/DC boost converter is shown in Figure 13(a). For maintaining the continuous conduction
mode (CCM), the current through the inductor i _(t) has a finite, positive value, which is not zero
and the operation mode consists two phases [40]:

1. The inductor charging phase: The equivalent circuit for this phase is shown in Figure

13(b), which is achieved by closing switch 1 and opening switch 2 for a certain period t_, .
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During this phase, the inductor L is charge by the voltage source U, , causing the

in?

inductor current i, (t) to increase from its minimum value i_, to its maximum value

L,min
I max - At the same time, the capacitor C is discharged through the load resistor R, .

2. The inductor discharging phase: The equivalent circuit for this phase is shown in Figure

13(c), which is achieved by closing switch 2 and opening switch 1 for a certain period t, .

During this phase, the inductor L is discharged into the capacitor C and the load resistor

to its

L, max

R, causing the inductor current i, (t) to decrease from its maximum value i

minimum value i As a result, iL(t) is divided over C and R, thereby charging C

L,min *

and supplying the power to R, .

From Figure 13(b) and (c), Equation 3.10 can be concluded that the voltage over the

inductor L in an operating cycle.
(3.10)

In steady-state operation, the net energy change in the inductor per cycle is zero, thus the

volt-second balance of the inductor is also zero. This yields Equation 3.11:

u, (t)dt =U,t,, +(U;, Uy )t =0 (3.12)

O —

Equation 3.11 can be rewritten as:

U out on
= = (3.12)

where ¢ is called the duty cycle, and defined as:
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ton _tﬂ
5=ton+toﬁ =2 (3.13)
L
/Y Y\ ./ —
+ SW, +
Lvr:'an' S"'l —_Ci::gi: L’Y""'S"?
(a —
L
i G = —
+ +
Lan C;g, :: RI_ [] Luax
(b) =
L
YN
of: +
L’o“ C, oh s RL [] /h:g/':
-
(c)

Figure 13. (a) Circuit of an inductive DC/DC boost converter, (b) equivalent circuit of the

inductor charging phase, and (c) the inductor discharging phase.
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When the converter is working in the inductor charging phase, the current though the

inductor at &-T is calculated as:

(3.14)
==U,-0-T
1
IL(5-T)=EUin-5-T+IL(tO) (3.15)
The current though the capacitor at 6-T is calculated as:
U P
1 (5 T)==—2out — _
c(6:T) R UL (3.16)

When the converter is working in the inductor discharging phase, the current though the

inductor at T is calculated as:

L)1 6= Ju
o1 (3.17)
zl(uout _Uin)'(T _5'T)
L
(1) =T (Una Uy (T =8 T)41,(5.T) @18

The current though the capacitor at T is calculated as:

U

IC(T): IL(T)_R_OCHZ IL(T)_

P
U

(3.19)

out

During the phase one, the output voltage is decreasing because the capacity is discharging.
During the phase two, the output voltage is increasing because the capacity is charging.

In the phase one, the discharge current i. (t) of C can be approximated to have a

constant value as:
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: du,(t) U P
i (t)=C— Lot —_ __ 3.20
C( ) dt RL UOUI ( )
Thus, the net change of U, (t) can be calculated by:
19, P
AU_ =——|i.(t)dt = —=——06T
=g l (Ot =5 (3.21)

3.2.3.2 Pulse width modulation (PWM) based three phase DC/AC inverter The three
phases DC/AC converting is achieved by the PWM inspired three phase DC/AC full-wave

bridge converter as shown in Figure 14 [41].

. S, Y % S S, R

S8 BN BN\

Figure 14. Three phase full bridge DC/AC inverter.
The switching mechanism is controlled by the PWM technology. The three phase full

bridge inverter requires three reference signals, V,, V,, V, and one carrier signal, V., which

is commonly using the triangular signal synchronized with the grid voltage vector. The

frequency modulation ratio mf is defined as the ratio of the frequencies of the carrier and

reference signals:

f

. f.
mf = e = (3.22)

reference sin
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The amplitude modulation ratio ma is defined as the ratio of the amplitude of the carrier

and reference signals:

V V

m, reference m,sin
ma=—- =—
v v (3.23)

m,carrier m,tri

According to Figure 14, it states the nature of the two switches in the same leg is
complementary and the detailed switching schedule is as follows:

S, isonwhen V, >V,

tri *

S, isonwhen 'V, >V,

tri *

S, isonwhen V, >V,

tri *

S, isonwhenV, <V,

tri *

S, isonwhen 'V, <V,

tri *

S¢ iIsonwhen V, <V,

tri *

An experimental demonstration is performed. The carrier signal is synchronized with the

grid voltage vector with mf =10. The reference signals are mimic the phase to ground voltages,

which are 120° apart with the amplitude 400/+/3 V. Figure 15 shows the reference and carrier
signals of a full-bridge converter for the unipolar PWM. Figure 16 displayed the reference Phase
A to Phase B voltage curve and the PWM based three phase DC/AC inverter output voltage
waveform. The voltage waveform generated by the PWM based three phase DC/AC inverter is
in square wave form. If only count the fundamental of the square waveform, the output wave
form can be looked as the pure sin curve. However, in some circuits, the terminal reactance is
not large enough to filter the high order harmonics. As a result, the total harmonic distortion

(THD) is large enough to damage the end user appliance.
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3.3 Wind Power Conversion System Modeling

3.3.1 Fundamentals of wind energy extraction The wind energy conversion system is a
multi-type energy transformation mechanism, and it transforms the air kinetic energy presented
in the blowing wind to electrical energy with two phase stages. The kinetic energy in a parcel of

air mass m flowing at speed v,, in the horizontal direction is:

air

E, :%mvw2 :%(,oAx)vW2 (3.24)

where, E, is the kinetic energy in joule, A is the cross-sectional area in m?, p is the air

density in kg /m?®, and x is the thickness of the parcel in m. If time derivative is taken at both
side of Equation 3.24 on both side, then the wind kinetic power P, can be obtained.

de.. 1 ,dx 1 3
P,=—23C=—pAv,~— == pAy,
vIoa 2P g 2P

(3.25)
Ideally, the power absorbed by the wind turbine is the wind energy difference between
before and after the wind passes the turbine blades. It can be shown that under the optimal

condition, the following relationships exist, when the maximum wind power is absorbed by the

wind turbine [42].

U, =U; = %ul (3.26)
0, =%u1 (3.27)

3
R=A=2A (3.28)

A, =3A (3.29)



42

where u,, u,, u,, and u, are the wind speeds corresponding to four positions listed in Figure 17,
A, A, A, and A, are the cross-section areas corresponding to four positions, which are yielded

from the pressures, p,, p,,and p,.

Figure 17. Circular tube of air flowing through an ideal wind turbine [42].

The mechanical power extracted from the wind under ideal condition is given as:
1 1 (8
Prices =R — P, = Ep(Alula - A4u43) = E'D[§ Aiufj (3.30)

Equation 3.30 can be rewritten in terms of the undistributed wind speed u, and the

turbine blades swapping area A, as Equation 3.31.

1 (8(2 s 1 (16 , 4
I:)m,ideal :Ep(g(g A2]u1] :EP(E Azulj (331)
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It can be concluded that the maximum fraction of mechanical power extracted from the
wind energy is 59.3%. In practice, this coefficient will be lower, because of mechanical
imperfections, and it is replaced by a non-constant fraction C standing for the coefficient of
performance, which varies with the tip speed ratio 4 and blade pitch angle S. The tip speed

ratio is defined as:

(3.32)

where R is the radius of blade; v,, is the wind speed in m/s; @, is the angular speed of turbine

blades in rad /s.
If consider the affection of changing of the blade pitch angle $, the tip speed ratio 4 is
modified as [43]:

1
1 003 (3.33)
A+0.028 p+1

A=

and the power extraction fraction C is also given as:

151 =4
C,(4.p8)= 0.73(7—0.58,8—0.002ﬁ2'14 —13.2je x (3.34)

Figure 18 displayed the relationship between the wind power coefficient C, and the pitch

angles S. It shows that the wind power coefficient C | depends on the blade pitch angle f.

When the blade pitch angle is increased, the maximum power coefficient is increased. Since all
the wind turbines are desired working under their maximum power generation conditions, most
pitch angle controller is only applied to limit the wind power extraction when the induction

generator reaches the rated power output. As in the standalone micro grid operation mode, the
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pitch angle control is also applied in reducing the wind power extraction for avoiding the power

over production in the microgrid.
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5 02r- i
2
S
=9
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0.1+ i
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0 : r r r r
0 2 4 6 8 10 12

Tip Speed Ratio

Figure 18.C, — A curves for different pitch angles £ .

If the pitch angle $ is fixed, the maximum C_ _ is only decided by the optimal tip

speed ratio 4,,. When the wind speed v,, changes, wind turbine will tune the blade rotating
speed w, to the optimal blade rotating speed «; ,, , Which is decided by the maximum tip speed

ratio A, asshown in Figure 19. The maximum wind power extracted from the wind yields:

opt

Porax =Co (/%m,ﬁ)(%pAVﬁ) (3.35)

And the optimal wind turbine angular speed at a given wind speed yields to:
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A
op Vi (3.36)

D opt = R

The optimal tip speed ratio A, is determined as:

when
dcC,
=0
ai (3.37)
then
Aot =4 (3.38)

where A. is the arbitrary tip speed ratio, which ranges from 0 to 8.

6000

5000

4000

3000

2000

Wind Power Extracted by Wind Turbine (W)

1000

0 5 10 15 20 25 30 35 40 45 50
Wind Turbine Rotataing Speed (rads/s)

Figure 19. Wind turbine characteristic with the maximum power point tracking at fixed blade

pitch angle f=0.
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3.3.2 Drive train modeling The fixed-speed wind turbine requires the detailed drive train
model, like six mass drive train model, three mass drive train model, and two mass shaft model,
to analyze the rotor rotational frequency oscillation caused by drive train self or mature damping.
However, for a vary speed wind turbine with doubly fed induction generator (DFIG), the drive
train properties have almost no effect on the grid side characteristics, because the decoupling
effect of the power electronic converter [44]. Therefore, a one mass lumped model is applied in
this study, as shown in Figure 20. In the one mass lumped model, the drive train components

are lumped together as one rotating mass. The dynamic is given as:

= (3.39)

where w, is the rotor speed, T, is the input mechanical torque applied to the wind turbine, T,
is the electromagnetic torque of the DFIG, and J,,, is the inertia of the rotating mass. Then the
electromagnetic torque Tg,, can be obtained by:

_doy

T, R Jeu (3.40)

EM

=T
VToodt

Wind Turbine DFIG Rotor
_ —

Figure 20. One-mass lumped mode of the drive train.
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3.3.3 Doubly-fed induction generator (DFIG) modeling DFIG is the most widely-used
induction generator for the variable speed wind energy conversion systems, as shown in Figure
21. The stator side is directly connected to the grid, and the rotor side is indirectly connected to
the grid via a back to back converter, which consists of the rotor side converter and grid side
converter. The rotor winding is fed by the rotor side converter to magnetize the induction
generator, and the stator side converter is aim to maintain the constant DC-Link voltage.

Compared with other induction generator structures, DFIG has a larger acceptance of
variable wind speeds. The back to back converter regulates a small percentage of the active

power, which is able to reduce the power conversion loss.

Drive DFIG \ / Grid

o ) s

Eol=lE

Converter

Figure 21. Diagram of variable speed wind turbine with DFIG.

3.3.3.1 Power flow in DFIG Compared with the conventional induction generator
operation, the DFIG can produce the power when the slip ratio is positive (sub-synchronization
operation), as shown in Figure 22. If ignore the stator and rotor resistances, the total active

power contributed by DFIG is equal to the mechanical power extracted from the wind P, . The
power P . absorbed from the grid is use to offset the slip angular speed to make the DFIG work

under equivalent synchronization condition.
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Figure 22. Power flow of DFIG under sub-synchronization operation.

Figure 23 displays the power flow of DFIG under super-synchronization condition.
Because the rotor angular speed is higher than the synchronization speed, the direction of the
rotor current will be changed from the rotor side to the grid side with the slip frequency for
counteracting the exceeded rotor angular speed. As a result, the active power will delivered from

the rotor side.

g

mech P a5 P

stator mech

Dsive DFIG \ / Grid
=) \
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J Converter
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Figure 23. Power flow of DFIG under super-synchronization operation.
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The total DFIG active power contribution is equal to the summation of the power from
the rotor and stator. Under the steady state analysis, the power flow in DFIG can be described as

following equations if ignore the stator and rotor resistances.

I:)mech = Pstator - I:)rotor 23 < 23 (341)
IDmech = Pstator + Protor a)r 2 a)s (342)
where Py =(1-5) Pragns Powor =S+ Precn» @nd s is the slip ratio.

3.3.3.2 Dynamic DFIG modeling The dynamic DFIG model can be introduced from a

wound rotor induction machine model [45-50]. The stator and rotor KVVL equations can be

written as:
: dA
Vsabc = Rslsabc + - (343)
dt
: dA,
Viape = ersabc +— (344)
dt
WHEre V., Ve » e » Irane » Asane» Aranc &7€ the three phase stator and rotor voltages, currents,

and flux linkages, and R_, R, are the stator and rotor resistances, respectively. Applying the
synchronously rotating reference frame transformation (from 3¢ to the direct and quadrature

axes) to Equations 3.43 and 3.44, the voltage equations become:

dA
Vds = ® + Rslds _wsiqs (345)
dt
dA
Ve =—2+ Rl + @, 4 (3.46)
dt
dA
Vy =—2L+R 1y —(0,—0,) 4, (3.47)

r dt r
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A,
V, = dtq +R 1y +(0,— @, ) Ay (3.48)

where «, is the rotational speed of the synchronous reference frame, , is the rotor speed, and

the stator and rotor flux linkages in the direct and quadrature axes are given by:

As = Ligige + Ly (g +igr ) = L + Lyl (3.49)
g = Ligigg + Ly (igg +igr ) = Liige + L, (3.50)
g = Ll + Ly (i g ) = Lyl + Ll (3.51)
Jar = Lilge + L, (ige iy ) = Lige + Ly (3.52)

where L =L, +L,, L =L, +L,; L, L, and L, are the stator, rotor self-leakage, and mutual
inductances, respectively.

The electromagnetic torque equation is given by:

3 . .
T =—Zp(zdsuqs—/1qsuds) (3.53)

e

where P is number of pair of poles.

The stator active and reactive powers are given by:

P = g(vdsids Vol ) (3.54)
3/ . .
Qs = E (Vqslds _Vdslqs ) (3.55)

and the rotor active and reactive powers are given by:

I:>r = g(vdrldr +Vqriqr ) (356)
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Qr = g(vqridr - Vdriqr ) (3.57)

3.3.3.3 Stator flux oriented DFIG modeling Applying the stator flux oriented frame
transformation, the direct axis of stationary frame is aligned with the stator flux linkage vector

A, OF Ay = A, and A, =0 [47, 49]. This transformation offers a convenience for modeling

simplification by given the following relationships.

i =—Liy /L, (3.58)
= 3.59
ms a)sl—m ( ' )

ids = Lm(ims _idr)/ Ls (360)
p=—3ul2i i /L
s _Ea}s I-mlmslqr S (361)
3 L

Qs =Ea)sl‘mlms (Ims _Idr)/ Ls (362)

. di, .
Vdr - erdr +O—Lr dt _Swso-l—rlqr (363)

i, N

Vo =Riig + oL, — 450, (oLidg + L / L) (3.64)

L2 . . . . .
where o =1—- C ™ is defined as the leakage factor of the induction machine .

S

Therefore, Equations 3.61 and 3.62 state that the active and reactive powers of stator can

be controlled independently by the rotor current in the direct and quadrature axes, i, and i, .
The detailed derivation of Equations 3.61 and 3.62 can be found in [47]. The reference values of

i, and iy, i,” and iy ", are introduced by the desired active power and reactive power demands.
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Therefore it is possible to design the close loop error feedback PI controllers to make i, —> i,
and i, — i,

3.3.3.4 Rotor side converter control system design Let equations 3.63 and 3.64 become:

V, =V, —sooli, (3.65)
Ve =V, +50, (oLiy + iy / L) (3.66)
where
, . di,,
vV, =Ri, +ol, (3.67)
dt
, . di,
Vqr = erqr '|'(7|_r H (368)

Equations 3.67 and 3.68 indicate that i, and i, respond to Vqr' and V., respectively.

*

The errors between (i,.", i, ) and (i ", i, ) are processed by the Pl controller to give Vqr' and

ar ? qu
V, , respectively. As a result, the PI controllers for eliminating the rotor current errors are

available. By using Equations 3.67 and 3.68, linear models (plants) for the rotor current control

loops (a first order system) can be described by the transfer function listed below:

Iy (S) iqr (s) _ 1

P(S) } Vdrl(s) - Vqu(s) - Rr +SULr

(3.69)

The integral action must be embedded in the controller design for eliminating the steady
state error. It is therefore natural to use a Pl controller, which can be formulated as:

C(s)=K, +% (3.70)

where K is the proportional gain and K; is the integral gain. The open loop transfer functions

of the systems are:
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K s+K;
L(s)= P(S)C(s):RS:TGL (3.71)

The transfer functions of the close loop systems from references i,,~ and i, to outputs

i, and iy, are given by:

i () 1u(8)  P(s)C(s) _ K,s+K, ,
iy "(5) i, (5) 1+P(s)C(s) s’ol,+(R +K,)s+K, (3.72)

and Equation 3.72 can be written as:
i () ig(s) (K,s+K;)/ oL, —

iy () iy '(5) s*+(R +K,)s/oL, +K /oL,
The closed loop systems are of second order and their characteristic polynomials will be:
s’ +(R +K,)s/oL, +K /oL, (3.74)
and Equation 3.74 can be re-parameterized as:
$% +2Ews + ° (3.75)
Instead of choosing controller parameters K and K;, we now select & and . The

parameter « determines the speed of response and & determines the shape of response. If a
model can be represented by a first order model, it is very convenient to have & and @ as
controller parameters, also called the performance related parameters. lIdentifying the

coefficients of the polynomials in Equation 3.74, the PI controller parameters are given by:

K, =w’oL, (3.76)

K, =2¢owL,\JL, -R, (3.77)
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The system responses of system with different values of K, and K, are shown in Figure
24, which shows that parameter K, essentially gives a time scaling, and the shape of the

response is determined by K, .

11 T T T T I
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Figure 24. P1 controlled rotor currents in direct and quadrature axes with different integral and
proportional gains.

Based on the PI controllers developed above, Equations 3.63 and 3.64 can be revised as:

roqr

V, ) =Ri, (t)+oL, %—SCOSO'L i () (3.78)

V, (0 =Ri B )

o ) +oL, +5, (oL iy (1) + iy / L) (3.79)

m ms
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where i, (t) and i, (t) is the step responses using the close loop PI control method; V,, (t) and
V,, (t) is the reference signal for rotor side PWM converter. Figures 25 and 26 displayed the

block diagrams of the rotor current close loop PI control systems.

PI Controller ) Plant
. + e(s) e V.(s) . i)
a KP-I_TI R, +soL, >

Figure 25. Close loop PI control scheme of rotor side current in direct axis.

PI Controller Plant

e(s) 7 (s)

.k + K‘. g ()
i, (s) K,+~L t—— —> Iy \S

R,+scol,

Figure 26. Close loop PI control scheme of rotor side current in quadrature axis.
3.3.3.5 Grid side converter control system design The grid side converter control scheme
has two stages. The first stage is aim to regulate the grid side current components in the direct

and quadrature axes, i, and i, under the synchronous rotating frame. The second stage is to

rg?
regulate the DC-link voltage and eliminate the reactive power exchanged between the grid side

converter and the grid. The grid side circuit equation can be written as:
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-V,

B R L, Vo) (3.80)

dt L abc L g,abc

9 9

By applying the synchronously rotating frame transformation to Equation 3.80, with

direct axis align to the grid voltage vector V, (V, =V, V,, =0) [48], the converter side voltage

components in the direct and quadrature axes, V,, and V,, can be obtained as:

. dig
Vi = Ryigy + Ly — 2 =Ly +V (3.81)
di,,
Ve =Ry +L St —L oLy, (3.82)

Following the similar procedure as Equations 3.65 to 3.68, V,, and V,, can be revised as:

Vi, =V — Ly, +Vy (3.83)
V,, =V, +ao,Liy (3.84)
where
V., =Ryig, + L, ‘i;—dtg (3.85)
ng' =R, +L, d(;—qtg (3.86)

Equations 3.85 and 3.86 indicate that i, and i,, respond to Vq and V-

4 » respectively.

The errors between (i,,", i,,) and (iy,", 15, ) are processed by the PI controller to give ng' and

qg’qg

*

V.,

4 » respectively. The reference grid current i~ in quadrature axis is determined directly based

on the reactive power exchanged between the grid side converter and the grid and the reference

*

grid current iy, in the direct axis determined based on the power balance of the DC link. Pl

controllers are designed for eliminate the grid current errors. Using Equations 3.85 and 3.86,
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linear models (plants) for the grid current control loops (a first order system) can be described by

the transfer function listed below:

I (8) _ige(8) 1
Vy (5) Vg (s) R,+sL,

P(s) = (3.87)

The integral action must be embedded in the controller design for eliminating the steady
state error. It is therefore natural to use Pl controllers, which can be formulated as:

c(s)=K, +% (3.88)

where K is the proportional gain and K; is the integral gain. The open loop transfer function of

the system is:

L(s)=P(s)C(s) =22 ks (3.89)

- 2
R,s+s°L,
The transfer functions of the closed systems from reference i,," and i,," to output i, and

iy, are given by:

i (5) _ i (5) _ P(s)C(s) _ K,s+K, 290
iy, (S) i (s) 1+P(s)C(s) %L, +(Rg +Kp)s+Ki (3.90)

and Equation 3.90 can be written as:
i (S) igg(s) (Kys+K;)/L, .

iy () iy (5) 5P+ (R, +K, )s/ L, +K, /L,
The closed loop systems are of second order and their characteristic polynomials will be:
s +(R,+K, )s/ Ly +K; /L, (3.92)

and Equation 3.92 can be re-parameterized as:
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s% + 2Ews + ° (3.93)
Similarly applied the approach described in the last section, the PI controller parameters

are obtained as:

K; = L0’ (3.94)

9
K, =2é0l, —R, (3.95)

Figures 27 and 28 displayed the block diagram of the grid current close loop PI control

system in the direct and quadrature axes.

PI Controller Plant
els '
i "(s) ' © K, s ) ! i (5)
S KP—I_T > R, + sL, - e

Figure 27. Close loop PI control scheme of grid side current in the quadrature axis.

PI Controller Plant

L. + Q(S) K. Vdg'(s)
O RS AN

—> idg (S)

.+ sL

Figure 28. Close loop PI control scheme of grid side current in the direct axis.

If neglect the switching loss, the power balance equation of the DC link is written as:

P—P,=0 (3.96)



59

since
3. .
Pg =Evdsldg (397)
then the reference value iy, will be:
w2
g =5 P Ve (3.98)
since
3., .
Q, = _Evdslqg (3.99)
then the reference value iqg* will be:
- 2
g =—§Qg IV, (3.100)

3.3.3.6 Power electronic interface of the DFIG The highlight of DFIG is the back to
back converter system. Most of the researches used the two voltage source converters to
represent the bi-directional power converter system [49]. In this section, a dual channel back to
back converter system realized the back to back converter as shown in Figure 29.

The three phase DC/AC inverter was discussed in section 3.2.3.2, and the three phase
AC/DC converting is achieved by the three phase AC/DC full-wave bridge rectifier as shown in
Figure 30. Only one diode in the top half will conduct at one time. It will have its anode
connected to the highest phase to phase voltage at that instant. Only one diode in the bottom half
will conduct at one time. It will have it cathode connected to the lowest phase to phase voltage

at that instant. Because there are six combinations of phase to phase voltages, a transition of the

highest phase to phase voltage will occur every60°. Figure 31(a) displayed the phase to neutral



60

voltage waveforms, and Figure 31(b) displayed phase to phase voltage waveforms and the output

voltage waveform. The average voltage of the output voltage is:

V=[5, sin(ot)d (ot) = Mne-e (3.101)
° zl13% " T '
where V,_ ,_, is the peak line to line voltage, which is «Evpfpvrms.
If the power extracted from the microgrid is P, we have
' e 3.102
sms =, A
\/§\/P—P,rms ( )
then
IOZ IO rms = §Isrms (3103)
) 2 )
Rotor Side Grid Side

Power Flow Direction

<€

DC/AC J_ AC/DC
T

Inverter Rectifier

Power Flow Direction

v

AC/DC DC/AC

Rectifi J_ Invert
ectifier T erter

Figure 29. Dual channel back to back converter system.
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The DC power is given by:
Pdc = Io 'Vo (3104)

Since V,, » » = V2V, 5 e » the efficiency of six pulse three phase AC/DC full-wave bridge

rectifier is:

P 3
Nacsdc = ﬁ =—~95.5% (3105)

ac 7

3.4 Distributed Energy Storage Modeling
3.4.1 Battery modeling The energy storage systems applied in the residential micro grid
are commonly referred to the batteries. A widely used battery model is described by the

following equation [51]:
E=E,+IR, (3.106)
where E is potential of a loaded battery (V), E, is standard potential of a battery (V), and R, is

the internal resistance of a battery (Ohm). This equation is assumed that the battery has a fixed
open circuit potential and the loaded potential varies linearly with the applied current. As a
result, limited energy is available from a battery and it also can not reflect the fact that the open
circuit potential of a battery changes with the state of charge (SOC). According to these
disadvantages, a developed model is presented in this research for avoiding the over
simplification issues by using equation above.

Figure 32 displayed a simple RC model for a general battery, and the governing equation

given by [51, 52]:

E=E,+IR, (3.107)
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where E,; is the open-circuit potential of a battery at a particular state of charge (V), which can

be fitted in by the experimental data:

E., = f(SOC) (3.108)
Ji , Ry
AVA"AYAN
-~ £, v
v

Figure 32. Equivalent RC model of a general battery.

If the following assumptions are valid: If the following assumptions are valid: the Nernst
equation is a valid description of the equilibrium potential of the relevant electrochemical
reactions; the main electrochemical reactions on positive and negative electrodes have fast
kinetics; the capacity of the positive electrode roughly matches that of the negative electrode, the

open-circuit potential of a battery at a particular state of charge will be [51, 52]:

RT, ( SOC
E.=E +—|n( ] (3.109)

nF \1-SOC
where R is the ideal gas constant (8.3143 J/mole/K), T is the temperature in K, n is the electron

transfer number of the whole battery electro-chemical reaction, E, is the standard potential of a

battery (V), and F is the Faradic constant (98467 C/eq). Assuming that there are no side

reactions, then the relationship between SOC and charge/discharge rate is as follow:
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dsoc |
dt  3600C

(3.110)

battery

where C is the capacity of the battery (Ah). If the battery is absorbing or contributing the

battery

power P from or to the grid, the DC current | and the terminal voltage V has the relationship

as following:
P=V.-I (3.111)

and

£+ o n( ;500 )-v

|V nF \1-S0C (3.112)

int int

By solving the Equations 3.111 and 3.112, the terminal voltage V and the current | are
obtained. By using Equation 3.110, the battery charging or discharging rate is able to be
determined at a particular power output.

3.4.2 Distributed energy storage design The distributed energy storage is a key
component in the proposed microgrid in this research. In the grid-tied operation, the distribution
substation acts the swing bus for power flow balancing. However, when the microgrid is in
autonomous operation mode, there is no connection to the distribution substation. As a result, it
is mandatory to find the other bus to replace the role of the substation for balancing the power
flow in the microgrid. According to the nature of renewable distributed generators, they are not
qualified for this function. The only choice left is the distributed energy storage. It is necessary
to properly design the electronic interface of the DES for realizing the desired function, which
are required for delivering the power in bi-direction. When the energy storage is absorbing the
power, an AC/DC/DC inverter system is needed. When the energy storage is contributing the

power, a DC/DC/AC inverter system is needed. Figure 33 displays the proposed DES diagram.



65

Power
Contributing

>

DC/AC
DC/DC Three
Boost Phase Full
Converter Bridge
Rectifier

AC/DC
— DC/DC Three
— Buck Phase Full
-_ Converter Bridge
Converter

D —
Power
Absorbing

Figure 33. Proposed distributed energy storage system.

According to Figure 33, the power electronic interface of the distributed energy storage is
consisting of two inverting channels, which is similar with the back to back converter. An
AC/DC three phase full bridge rectifier is needed for inverting the bus voltage and current from
sinuous waveform to DC waveform. An inductive DC/DC buck converter are added for
stepping down the voltage level to the battery group terminal voltage level at the DC terminal of
the AC/DC three phase full bridge converter. When the DES is absorbing the power from
microgrid, an inductive DC/DC boost converter is required to step up the battery group terminal
voltage to the DC terminal voltage level at the DC end of the three phase full bridge DC/AC
inverter. The three phase full bridge DC/AC inverter transfers the DC waveform to the AC

waveform, when the distributed energy storage is contributing the power to the microgrid.
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By using the active and reactive power decoupling control, the AC voltage waveforms
inverted by the DC/AC three phase full bridge rectifier are synchronized with the bus voltage
waveforms. The angle between output voltage and current is under control, which allows the
distributed energy storage generate the desired active power and reactive power.

The inductive DC/DC buck converter equivalent circuit is shown in Figure 34 (a). The
operation mode consists two phases [40]:

1. The inductor charge phasing: The equivalent circuit for this phase is shown in Figure

34(b), which is achieved by opening switch 1 and closing switch 2 for a certain period

t,, - During this phase, the inductor L is charge by the voltage source U, , causing the

inductor current i, (t) to increase from its minimum value i_, to its maximum value

The voltage cross the inductor is:

IL,max '

U =Uigy =Uiow = L% (3.113)
dt
after rearranging,
di, _Yngn “Yiou (3.114)
dt L

Since the derivative of the inductor current is a positive constant, the current increases

linearly. The current change over the inductor while switch 2 is closed is given by:

dip _ Y ~Yiou _ Al _ Al (3.115)
dt L At DT

. Uhigh _Ulow
Ai = T DT (3.116)

where T is the switch period; DT is the time when switch is closed.
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2. The inductor discharging phase: The equivalent circuit for this phase is shown in Figure
34(c), which is achieved by opening switch 2 and closing switch 1 for a certain period
t« . The voltage cross the inductor is:
di,

u=-u_ =L— 3.117
L low dt ( )

after rearranging,

di, U,
—=—" 3.118
L (3.118)

Since the derivative of the current is a negative constant, the current decreases linearly.

The current change over the inductor while switch 2 is open is given by:

dii _ Y, _ AL _ Al 3.119

dt L At (1-D)T (3.119)
H _Ulow

i pp =| =12 |a-D)T (3.120)

The steady state operation requires the inductor current at the beginning of the switching

cycle is equal to that at the end of the switching cycle. This requires:
Al =Ai, (3.121)

Using Equations 3.116 and 3.120, we get:
U. -U ]
(—“‘g“ - o ) DT + (—UL'W j (1-D)T =0 (3.122)

It yields:

Uyow =Upign - D (3.123)
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Figure 34. (a) Circuit of the DC/DC buck converter, (b) equivalent circuit of the inductor charge
phase, and (c) equivalent circuit of the inductor discharge phase.
3.4.3 Distributed energy storage P, Q decoupling control system design The reference

three phase voltage signals sent to the PWM of the three phase DC/AC full bridge rectifier can
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also be controlled by using the active power and reactive power decoupling control. Figure 35
displays the equivalent circuit diagram when the converter connects to the microgrid. The
subscript s denotes the system side, and ¢ denotes the converter side. R and L are the

connection resistance and reactance, and i, is the phase a to ground current. The three phase

Kirchhoff voltage law equations of the diagram are:

Vca _Vsa = Ria + L% (3124)
t
i,
Ve, —Vo, =R, + Ld_ (3.125)
t
. di
Vcc _Vsc = Rlc + Ld_c (3126)

t

ONONOS

Figure 35. Equivalent circuit of the three phase DC/AC full bridge rectifier connected to the
microgrid.
By using the Park transformation and align to the system voltage direct axis reference

framework, the direct and quadrature axes KVL equations will be:
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V,, -V, =Ri, + L‘jj—'s—wl_iq (3.127)
. di .
Vy, =V, = Ri, + Ld—;+Wle (3.128)
where w is the system frequency.
Since V, =0, V, =V,,
then
3
P="Valg (3.129)
3
Q= Evsq I (3.130)

The above equations state that active power and reactive power are controlled by I, and
I, respectively. After adding the two compensation terms V,, ' and V,, ', Equations 3.127 and

3.128 can be rewritten as:

V,y =V, —wLi, +V,, (3.131)

V,, =V, +WLi, +V,, (3.132)

: dl . dl . .
where V,, =RI,+L—2 and V' =RI_+L—>. If we denote the I and I, as the target values
dt i T dt !

of the I, and I, the required rectifier AC terminal voltages in the direct and quadrature axes

will be obtained by applying two PI controllers. The entire feed forward decoupling control

diagram based on Equations 3.133 and 3.134 is shown in Figure 36.

Ko i oy o s
V., =(K, +TP]("’ —iy )~ wLi, +V,, (3.133)



K - -k -
Ve, :(KI +?'°j(|q —Iq)+WLId +V,

where K is the proportional gain and K, is the integral gain.
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Figure 36. P, Q decoupling control diagram of the three phase full bridge DC/AC rectifier.
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CHAPTER 4

Residential Microgrid Power Flow Analysis

4.1 Introduction

Power flow calculation is a cluster of numerical analysis methods to evaluate the steady
or transient performance of the power flow in the AC power system. The classic approaches
include the Gauss-Seidel Method, the Newton-Raphson method, and the fast decoupled method,
which are capable of solving the nonlinear equations. In the power flow analysis, the bus in a
grid can be divided into three classes, the generation bus (PV bus), the load bus (PQ bus), and
the balance bus (the swing bus or the slack bus). Each type of the bus has four parameters, the
voltage magnitude, the voltage phase angle, the active power injection, and the reactive power
injection. According to the abbreviations in the brackets, each bus has two known parameters
and two unknowns as listed in the following table, where P is the active power, Q is the reactive
power, V is the line to ground voltage magnitude, and ¢ is the line to ground voltage phase
angle.
Table 2

Bus Type Classification in the Power Flow Calculation

Bus Types Knowns Unknows
PV P V Q 8
PQ P Q \Y )
Swing \Y ) P Q

The purpose of the power flow calculation is to acquire the converged voltage vectors of

the buses with the specified active power and reactive power injections [53]. The bus injection
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current I, in terms of the bus apparent power injection éi and the bus voltage \}i ina n buses

system can be described as:
*i =Yi1\}1+Yi2\}2+"'+Y' V (4-1)

where Y; is the admittance between the i, bus and the n, bus, and * is the symbol of

conjunction. Equation 4.1 can be rewritten as:
Pi - JQ| :\;i'(yil\}l+Yi2\/.2+"'+Yin an (4.2)

If the real and the imaginary portions of Equation 4.2 are separated, two real number

equations will be obtained for each bus as follows:

P = real {vi* -(Yil\}l+Yi2\i2+---+Yin\/.nﬂ (4.3)

Q. = —imag {vi* -(Yil\}1+Yi2V.2+~--+YinV.n ﬂ (4.4)

With at least two known parameters, the other unknown parameters will be solved by
using the power flow calculation methods. The Gauss-Seidel method is chosen to solve the

power flow equations and will be introduced in the next section.

4.2 Research System Power Flow Analysis Using the Gauss-Seidel Method

The operation of a microgrid can be divided into two modes, the grid-tied mode and the
grid-off mode. In the grid-tied mode, the load bus is connected to the bulk grid and the
microgrid. Figure 37 displays the one-line diagram of the system in the grid-tied mode. Once

the distributed energy storage is fully charged, the power flow from the distributed generators
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will bypass the distributed energy storage and feed the residential load directly. If the power
flow from the distributed generators is sufficient, the microgrid will deliver the extra energy back
to the bulk grid. In this particular system topology, the bulk grid can be looked as an infinity bus,
and the distribution substation will be considered as the slack bus. The power output from the

distributed generators will be always at their maximums.

Distribution Y\ Loads
Substation

|

— e (00, 7 B — Y

OO0
|

DES

Figure 37. One-line diagram of the research system in grid-tied mode.

Once the faults happened in the bulk grid side or the microgrid is designed for the grid-
off operation only, the grid-tied mode will transfer to the grid-off mode, which means the
microgrid is disconnected to the bulk grid. Figure 38 shows the one-line diagram of the research
system in the grid-off mode. The main issue for the microgrid in the grid-off mode is the lack of
sufficient power resource, which is able to act as the slack bus for balancing the system power
flow. In this research, the distributed energy storage system is designed for realizing the slack
bus function. The PV bus is the generation bus, which summarizes the wind power energy

systems and the solar energy systems. The PQ bus is the residential load bus.
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Figure 38. One-line diagram of the research system in grid-off mode.

If we denote the slack bus is bus 1, PQ bus is bus 2, and PV bus is bus 3, the admittance

matrix will be:

(1 1 1 1]
_+_ _ —_
Z12 Z13 Z12 213
1 1
Y=| —— — 0 (4.5)
Z12 Z12
S
213 ZlS a
Equation 4.2 can be rewritten as:
1[R-Q
Vi = Y_l[ Vi* _Yilvl _YiZVZ _"'_Yinvn:| (4.6)

By using the Gauss-Seidel method [53], the voltage vector of a PQ bus will be:

2
Y22

*(0)
2

1|P—
V @ = _|: 2 Q2 _Y21V1(l) —Y23V3(0)} (4-7)
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Because the voltage magnitude and the active power injection of a PV bus are fixed, the
voltage angle updating is based on the updating of the reactive power injection of that bus.

Equation 4.4 will be revised as:
Q.Y =—imag {v;“’) -[Y31v1<1> +Y,, V0 + Y, VO H (4.8)

The update voltage vector of a PV bus will be:

1|R-jQ
Vs(l) = Y_{ : V*(o)3 _Y31V1(l) —Y32V2(l) (4.9)
33 3

Sometimes Equation 4.9 will change the voltage magnitude of a PV bus, therefore the

magnitude of a PV bus should be forced to the pre-specified value, which is accomplished by:

&)
V3

V3(1) = ’VS,spec ’ W (410)
3

Keep updating the voltage vectors at each bus until Equations 4.11 and 4.12 are met.

‘Vi(n)

_’Vi(n—l)‘ <e (4.11)

‘d(n)
1

-5 <e (4.12)

Equations 4.11 and 4.12 are aim to check whether the voltage vector of each bus is
converged both in magnitude and angle, and ¢ is a preset threshold, £ =0. Once all the bus
voltage vectors are converged, the updated power injection at each bus can be obtained by using

Equations 4.3 and 4.4.
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4.3 Autonomous Microgrid Topology Finalization and Operation Procedure

In Chapter 2, the optimal sizing of the distributed renewable generators is discussed. In
this section, the selection of other microgrid parameters will be presented. All of these
parameters and operation procedure are designed under the microgrid autonomous operation
mode.

The first unknown parameter is the impedance or admittance of the transmission lines in
the microgrid. When using the Gauss-Seidel method for calculating the power flows in the
microgrid, it is possible that one or more bus voltage vectors are not converged. The reason is
that the Gauss-Seidel method cannot find the voltage magnitudes or angles in the real number
space. In practice, the causations is that the admittance of the conductor between the PV bus and
PQ bus is lower than the minimum required admittance or the overall microgrid voltage level is
lower than the minimum required voltage level that ensures the power transmission stability. To
fix the non-convergence problem of the Gauss-Seidel method, the admittance between the PV
bus and PQ bus will be increased, which means the length of the transmission line should be
reduced or the conduct of transmission lines should be replaced by others with higher admittance.
In this research, this is the only solution considered, because the microgrid is directly coupled
with the residential distribution network. Increasing the overall microgrid voltage level may cost
additional investments.

The second unknown parameter is the minimum size of the distributed energy storage. In
some season, the wind and solar energy are in their annul valleys and the residential load still
remains at a high level. If the capacity of the distributed energy storage is low, it cannot deliver
sufficient power required from the end users. As a result, the reliability of power supplement

will be critically threatened, and the end users will face the power outages frequently during that
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season. The state of charge (SOC) represents the amount of energy saved in the distributed
energy storage. If the SOC is less than 0, which means the energy saved in the battery bank is
over drawn. The capacity of the battery system is not large enough to save the sufficient energy
for compensating the power shortages. Another battery cell should connect to the distributed
energy storage in parallel for increasing the capacity of the battery system. Keep increasing the
capacity of the battery bank until the SOC remains positive during the planned project life time.

After the impedance of transmission lines and the minimum size of the distributed energy
storage are determined, the residential microgrid topology is finalized.

The optimal sizes of the distributed generators are decided for supplying the maximum
residential load at the month, when the solar and wind energy are at the annual valleys. In most
scenarios, the power generated from the distributed generators is larger than the residential load.
When the microgrid is operated in the grid-tied mode, the over-produced energy will be
delivered to the bulk grid. However, when the microgrid is in the autonomous operation mode,
the over-produced energy will begin to accumulate in the distributed energy storage, and if the
overproduction lasts for a long period, the distributed energy storage will be overcharged and the
SOC will exceed 1. The predicted SOC will be applied to check whether it is necessary to
reduce the energy production from the generation bus. If the predicted SOC is larger than 1, the
generation will be mandatorily decreased until the amount of energy absorbed by the distributed
energy storage will not cause the over-charging problem. Firstly, the energy production from the
wind turbines will be reduced. If necessary, the energy production from the solar panels will be
reduced as well. Figure 39 displays a chart-flow for implementing the microgrid topology
finalization and operation procedure in the autonomous mode. Once the microgrid topology is

finalized, this chart-flow directs the operation procedure in time domain.
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Figure 39. Microgrid topology finalization and autonomous operation scheme in time domain.
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CHAPTER 5

Back Propagation Neural Network Based Energy Manager Design

5.1 Back-propagation Neural Network (BPN)

Paul Werbos established the back-propagation algorithm and proposed the concept of
hidden layers in his dissertation [54]. This work did not collect the attention in 1970s, but it was
revived in the late 1980s. In the mid-1980s, David Rumelhart presented his report about the
development of back-propagation algorithm [55]. The proposed bi-directional artificial learning
mechanism becomes the most popular learning algorithm for the multilayer perceptron network,
and the generalized delta rule becomes the most widely used method to update the weights [56].

5.1.1 Back-propagation network structure BPN stands for the back propagation neural
network, which is a type of multi-layer perceptron that applies the back-propagation algorithm
for the network training. Figure 40 displays the network structure of a multi-layer perceptron
network, which consists of the input layer, the hidden layer, and the output layer. Each layer has
its own neurons, or called the process elements. The neurons in the hidden layer and the output
layer are fully connected to the neurons in the previous layers. The features of an input sample
are mapped into the neurons in the input layer. The outputs of the input neurons associated with
the connection weights are activated in the hidden neurons, and yield to the outputs of the hidden
neurons. The outputs of the hidden neurons associated with the connection weights are activated
in the output neuron, and finally emerged to the output of the network. The number of the
hidden neurons is determined based on the testing performances, which means the optimal

number of the hidden neurons yields to the minimum testing error.
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Figure 40. The network structure of a multi-layer perceptron with one hidden layer.

5.1.2 Back-propagation learning algorithm The back-propagation learning algorithm
has the bi-directional signal flows, the function signal forward pass and the error signal reverse
pass.

5.1.2.1 Function signal forward pass The function signal forward pass is that the input
signal passes through the network and emerge to the output signal. For a one hidden layer and
one output layer BPN, the n features of a sample are mapped into the input neurons. The output

signal vector of the input neurons is:

X =[x, % T 1)

where X, is the bias, and X, =1.
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The output signal vector X associated with the weight matrix W of the connections

between the input layer and hidden layer becomes the input signal vector | of the hidden neurons.

Wo, Wo, o Wo.
wo| o e T B (5.2)
W, W, W,
where m is the number of hidden neurons.
I =W"X =[I, 1,1 T (5.3)

The input signal vector | of the hidden neurons passes through the hidden neurons via

the activation function T (1), and becomes the output signal vector H of the hidden layer.

H=T(1)=[h,h,hT (5.4)
The graph of activation function T (1) is “S-shaped”, so it is also call the sigmoid

function. In this research, the log-sigmoid transfer function is applied as the activation function:

1

T(I)=1+e‘”"'

(5.5)

where « is the momentum, which decides the shape of the log-sigmoid transfer function. Figure
41 displays the graph of the log-sigmoid transfer function with o =1.

After add the hidden layer bias h, =1 into the hidden neuron output H , the signal vector

H becomes:

H=[hy,h,h,, b T (5.6)
The output signal vector H associated with the weight vector V of the connections

between the hidden layer and the output layer becomes the input signal vector J of the output

neuron.
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\ :[V01V11"'Vm]T (5.7

J=V'-H (5.8)
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Figure 41. Graph of the log-sigmoid transfer function witha =1.
The input signal vector J of the output neuron passes through the output neuron via the

activation function T (J ) and becomes the output signal § of the network.

y=T(@) (5.9)
5.1.2.2 Error signal reverse pass The network output § will compare with the desired

output y, and generate the error signal e as:

e=y,—y (5.10)
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The error signal e back-propagates through the network for adjusting the weight vector
V' and the weight matrix W .

The error signal energy is defined as:
1.
=—-€ 5.11
£=5 (5.11)

The partial derivative of error signal energy respect to the weight vector V is as follows

[56]:
~~~~~ (5.12)

After cancel the same terms in the right side of Equation 5.12, the partial derivative of error
signal energy respect to the weight vector V is:

de
=L e T'(J)H .
=T (5.13)

The adjustment of the weight vector V will be:

0

AV=—ﬁ-g—\‘j=ﬂ-5-H (5.14)

where S is the learning rate, which is a positive number and less than 1, and &, is called the
local gradient of the output layer and defined by:

s, =e-T'(J) (5.15)
then

V., =V, +AV (5.16)

ew — ‘old

To update the weight matrix W , the local gradient of the hidden layer o, is identified as:
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o, -V, -T'(1y)
5,=68,V-T'(1)= % V2 ;T’(IZ) (5.17)
64 T0,)
The adjustment of the weight matrix W is:
AW = B-X -6, (5.18)
then
W, =W, +AW (5.19)

5.1.3 Training stopping criteria The back-propagation algorithm was not guaranteed to
be converged after the iterative training. To prevent the network over-learning, and improve the
generalization ability, the training stopping criteria are formulated as follows:

1. The back-propagation algorithm is considered to have converged when the mean square
error of network testing outputs per epoch is sufficiently small.
2. The back-propagation algorithm is considered to have converged when the maximum

training epoch is reached.

5.2 Back-propagation Neural Network based Energy Manager Design

In the last chapter, the autonomous operation procedure of the residential microgrid is
concluded. Once the system topology is finalized, the predicted state of charge of the distributed
energy storage in time domain will be a variable, which depends on the current state of the wind
speed, global solar radiation, air temperature, residential load, and the previous state of the state

of charge, which can be summarized as:

G, . T

n+l1?

soc,, = f(V,

n+1?

SOC,, PL,n+1) (5.20)

n+1?
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where V is the wind speed; G is the global solar radiation; T is the air temperature; P, is the

residential active power demand. The BPN structure based on Equation 5.20 is shown in Figure

42.

Bias=1 ——>

Bias=1——>
Gn—l 5
Loy —> soc_,
oy —2
soc, —>
PL,n—l =

Figure 42. The BPN structure for the SOC prediction.
Before the samples are fed to the input layer, a normalization method is applied to scale
the values of inputs and output from 0 to 1 by using Equation 5.21.

data, —min (data) (5.21)
max (data)—min (data)

data'i,normlized =
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After the network is trained, the value of network output should be returned to its original

scale by:
data, = data, ,maizeq -(Max (data) —min (data))-+ min (data) (5.22)

In Figure 42, the number of hidden neurons is not specified. When the network is
training, the different number of the hidden neurons will yield to the different network
performances. The number of the hidden neurons is finalized according to the network which
yields the best testing performance.

Once the predicted SOC is obtained, the distributed generation systems are expected to
self-adapt to the predicted SOC by reducing the power output from the generators. The whole
procedure is as followings and concluded in Figure 43 as well:

1. Use the wind speed, the globe solar radiation, the air temperature, the real power demand
in the current state and the SOC of the energy storage in the previous state to predict the
SOC in the current state.

2. Use the wind speed, the globe solar radiation, the air temperature in the current state to
calculate the maximum power output at the PV bus.

3. Perform the power flow calculation based on the Gaussian-Seidel method, and obtain the
power injection or ejection at the swing bus. Based on the power injection or ejection at
the swing bus, the current state SOC is obtained.

4. If the current state SOC is larger than the BPN predicted SOC, the power output from the
generation bus should be reduced. First, the power generated by the wind turbines will
be reduced. If the power outputs of wind turbines are zero, the power outputs of the solar

panels should be reduced as well.



88

5. Repeat the steps 3 and 4 until the difference of the calculated SOC and the predicted SOC

in the current state is sufficiently small.

6. Record the adjusted wind turbines outputs and the solar panels power outputs, and

calculate the blade pitch angle and the solar panel terminal voltage based on the adjust

power outputs.
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Figure 43. The BPN based energy manager operation scheme.
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CHAPTER 6

Experimental Case Study

6.1 Introduction

The research residential microgrid is assumed to support 1000 households in the East
Arizona. The original residential load data is the hourly load data in the far west area of Texas,
which is downloaded from the Electric Reliability Council of Texas. The data ranges from April
20" 2011 to April 20" 2013 [57]. According to the records from the U.S. Energy Information
Administration, the average hourly power demand for a household in Arizona is 1.486 kW in
2011 [58]. The load data will be rescaled to an average hourly load demand 1486 kW with a
power factor 0.85 and the linear growth will be neglected. The climate data is downloaded from
the measurement and instrumentation date center, National Renewable Energy Laboratory. The
station is located in the southwest solar research park, Phoenix, Arizona, and the data set is
composed of the hourly global solar radiation, the wind speed, and the air temperature, which

range from April 20" 2011 to April 20" 2013 [59].

6.2 Optimal Sizing of Renewable Distributed Generators at Study Area

Figure 44 displays the average hourly wind speeds at 11 meter high in 12 months at the
case study area by using the Weibull probability model. The measured hourly no-calm wind
speed samples in 12 months are classified into 25 classes, and represented by the central value of
each class. After calculate the cumulative probabilities of the different hourly non-calm wind
speed classes in a month, the shape parameter ¢ and the scale parameter k of the hourly wind
speed Weibull probability model in a particular month are solved. Table 3 lists the shape

parameter ¢ and scale parameter k of the Weibull probability model of each month.
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Figure 44. Average hourly wind speed at 11meter high in 12 months.

Table 3
Jul | Aug | Sep | Oct
2.19

3.31|2.86|282|231|213
247 1221 1.84 |1 1.93

Shape Parameter ¢ and Scale Parameter k of the Weibull Probability Models in 12 Months
Nov | Dec

1.95

Apr | May | Jun
3.31 | 3.05
2.27 | 2.37

Jan | Feb | Mar
21 | 25 [265|3.31
185194 193|212

k 1.92
Figure 45 displayed the average hourly wind power extracted from a wind turbine with

6.5 meter long blades. The air density o used in this research is a constant, which is equal to
o Will yield to

1.2kg-m~. When the blade pitch angle £ is fixed, an optimal tip speed ratio 4,

the maximum wind power extraction fraction C_ ... When the blade pitch angle g is
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increasing, the equivalent swept area A is decreasing. As a result, wind power extraction

fraction C, is decreasing. In Figure 45, the blade pitch angle =0 and the optimal tip speed

ratio A,

capable of transferring the mechanical energy to the electrical energy.

is 7.05. The maximum power factor C_ |

is 0.4412. Because the maximum average

ax

hourly power extracted by a wind turbine is 1.8 kW , arated 2 kW induction generator is
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Figure 45. Average hourly wind power extracted by the wind turbine with 6.5 meter long blades

in 12 months.
Figure 46 displayed the average hourly global solar radiation in twelve months. The

measured hourly global solar radiation samples in 12 months are classified into 25 classes, and

represented by the central value of each class. After calculate the probabilities of the different
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hourly global solar radiation classes in a month, the expect value will represent the average

hourly global solar radiation of that month.
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Figure 46. Average hourly global solar radiations in 12 months.

Figure 47 displayed the average hourly air temperature and the cell temperature in twelve
months. The measured hourly air temperature samples in 12 months are classified into 25
classes, and represented by the central value of each class. After calculate the probabilities of the
different hourly air temperature classes in a month, the expect value will represent the average
hourly air temperature of that month. The average hourly cell temperatures in 12 months are

calculated based on Equation 2.15. The Normal Operating Cell Temperature (NOCT) used in
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this equation is 47.5C°, which is found in the manufacture data sheet of the rated 200W solar

panel (KC200GT).
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Figure 47. Average hourly air temperatures and cell temperatures in 12 months.

Figure 48 displayed the average hourly power converted by the rated 200W solar panel
(KC200GT) in twelve months. The average hourly power converted by the solar panel is
calculated by using Equation 2.17. The parameters can be found in the solar panel manufacture
data sheet available in the Appendix. The seasonal features are obviously displayed in the figure.
The power output from the solar panel reaches its annul peak in the summer, and the power
output from the solar panel reaches its annul valley in the winter. This fact exactly describes the

globe solar radiation changing in the northern hemisphere.
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Figure 48. Average hourly power converted by a 200W solar panel (KC200GT).

Figure 49 displays the average hourly residential active power demand from April 2011
to April 2013. The recorded hourly load data is rescaled to meet the actual hourly 1000
household load demands in 2011 in the research area. Assume that the population in the area is

fixed, and then the linear load growth component is extracted from the load model. It can be

achieved by setting the coefficient of the linear growth equal to 1, b, =1. The highest order of

harmonic is the fourth harmonic, which is decided by whether the additional harmonics will

improve the model performance significantly. Table 4 lists the coefficients of the residential

load components. b is the coefficient of the base load, b, is the linear growth rate, b, and b,
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are the coefficients of the fundamental components, b, and b; are the coefficients of the second
order harmonic components, by and b, are the coefficients of the third order harmonic

components, and b, and b, are the coefficients of the fourth order harmonic components.
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Figure 49. Average hourly residential load from April 2011 to April 2013.

Table 4

Coefficients of the Residential Load Components by using the Fourier Series Decomposition

b0 bl b2 b3 b4 b5 b6 b7 b8 b9
1436.8 | 4.86 | -65.38 | 98.1 | -45.23 | -86.75 | -5.37 | 19.91 | 14.3 | -6.46

After the average hourly wind speeds, the global solar radiations, the cell temperatures,

and the residential active loads in 12 months are obtained, the non-uniform simulated annealing
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is applied to find the optimal combination of the distributed renewable generators. The costs of
each distributed generator are shown in Table 5 [58]. The optimal combination of the renewable
distributed generators and the first year cost are shown in Table 6.

Table 5

Installation Cost, O&M Cost of Wind and Solar Power Conversion Systems

Installation Cost ($/kW) | O&M ($/kW/YTr)

Wind 1938-3468 12-32
Solar 1750-2475 10-25
Table 6

Optimal Combination of Distributed Renewable Generators and the First Year Cost

# of 2kW Wind Power System # of 200W Solar Panel System First Year Cost
172 2355 $101,648

Figure 50 displays the cooling schedule of the non-uniform simulated annealing applied
for the optimal sizing. At early stages, the high temperature excites the particles with the high
energy states, and a worse solution has higher probability to be accepted. When the temperature
is lower, the particles trend to cool down and transfer to the relatively frozen stages. Table 7
listed the parameters and the initial state of the non-uniform simulated annealing.

Table 7

Parameters and Initial States of the Non-uniform Simulated Annealing

Initial Temperature (K) 10’
Temperature Cooling Down Factor 0.99
Maximum Number of Epochs 10000
Parameter of the Degree of Non-uniformity 1
Boltzmann Constant (J/K) 1.38x107%
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When the temperature dropped to 7.857x10 K, the algorithm accepted a worse solution,
and the energy (cost) increased t01.042x10°. This fact represented the hill-climbing feature,
which allow the global minimum searching avoid being trapped in the local minimum. When the

temperature reached 5.472x10’ K, the maximum epoch number is reached and the iterative

procedure stopped, which yields the minimum energy (cost) =$101,648.
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Figure 50. The cooling schedule of the non-uniform simulated annealing.

Figure 51 displays the distances between two adjacent solutions. The new solutions are
uniform-randomly generated at the early stages and non-uniform-randomly generated at later
stages. It is clear that the distances trend to decrease, which indicates the new solutions are

generated near the previous solutions at the later stages. It is the advantage of using the non-
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uniform mutation function to generate the new solutions, which denies the long jumps between

two adjacent solutions at the later stages.
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Figure 51. Distances between two adjacent solutions in the optimization process by using non-

uniform simulated annealing.

6.3 Microgrid Finalization and BPN Based Energy Manager Operation in Grid-off Mode
6.3.1 Microgrid parameters finalization The optimal combination of distributed
renewable generators obtained in the last section. The other two microgrid parameters will be
finalized in this section. The first unknown parameter is the impedance of the transmission lines
in the microgrid. In order to ensure the power flow converged under various microgrid operation

conditions, it is mandatory to identify the maximum impedance of the transmission lines by
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applying the procedure displayed in Figure 39. During the power flow calculation, if the voltage
vector of any bus is not converged, it is required to reduce the impedance of the transmission line
until the power flow calculation converges again. The second unknown parameter is the
minimum size of the distributed energy storage. In some season, the wind and solar energy are
in their annul valleys and the residential load remains high (winter). If the capacity of the
distributed energy storage is low, it cannot deliver the sufficient power to the end users. As a
result, the reliability of the power supplement will be critically threatened, and the end users will
face the power outages frequently during that season. The state of charge (SOC) represents the
amount of energy saved in the distributed energy storage. If the SOC is negative, which means
the energy saved in the battery bank is over drawn. Another battery cell connected in parallel is
needed to increase the capacity of the battery system. Keep increasing the capacity of the battery
bank until the SOC returns to a positive value. Table 8 listed the initial impedance of
transmission line, the initial capacity of distributed energy storage, the finalized impedance of
transmission line, and the finalized capacity of distributed energy storage.

Table 8

Initial Impedance of Transmission Line, Initial Capacity of Distributed Energy Storage,

Finalized Impedance of Transmission Line, and Finalized Capacity of Distributed Energy

Storage
Impedance of Transmission Line | Capacity of the Energy Storage
Initial Value 0.103+0.525j Q 1562.5 Ah
Finalized Value 0.0103+0.0525;Q2 1250000 Ah

Once the microgrid topology is determined, the procedure listed in Figure 39 is able to

implement without the system reset. The time series simulation of the microgrid in the
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autonomous mode will be performed based on the meteorological data and the residential load,

and the state of charge will be recorded.

Figure 52 displayed the average hourly state of charge of the distributed energy storage
system in the weekly time domain. The State of Charge is always between 0 and 1, which means

the energy storage system is never over charged or over drawn in the autonomous mode.
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Figure 52. Average hourly state of charge of the distributed energy storage system in the weekly
time domain from April 2011 to April 2013.

6.3.2 BPN based energy manager implementation in the autonomous mode The BPN
based energy manager is constructed based on Equation 5.20. It is aim to learn the underlying
relationship between the previous state of the SOC, the current state of the meteorological

information, the current residential active load (inputs) and the current state of the SOC (output).



There are 17088 samples available from April 20th 2011 to April 20th 2013. The first 8327
samples are used to identify the BPN weights. First of all, these 8327 samples are randomized

for avoiding the BPN learning the information related to the order of samples. Then the first

selected as the testing samples.

75% of the randomized samples are selected as the training samples and the rest 25% are

After each training epoch, the testing samples pass through the network for checking the

testing performance evaluated by the mean square error. If the testing mean square error is
sufficient small, or the maximum number of the training epoch is reached, the BPN training
procedure is finished. For verifying the best network structure, 10 networks with the different

numbers of the hidden neurons are tested. Figure 53 displayed the testing performances of the
different networks.
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The BPN with 10 hidden neurons returns the best testing performance, whose normalized
testing mean square error is5.457x107". All the initial weights are randomly selected from 0 to
1, and the other BPN parameters are identical and listed in Table 9.

Table 9

BPN Parameters

Learning Rate 0.25
Maximum number of Epochs 1000
Activation Function Log-sig

Figure 54 displays the testing elbow curve of the BPN with 10 hidden neurons, which is

decreasing fast in the early stages of the iterative learning process.
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The upper graph displays the elbow curve in 1000 epochs. The minimum normalized

testing MSE occurs at the 1000™ training epoch, which is equal t05.457x10”. The lower graph

displays the elbow curve in the first 10 epochs. At the 10" training epoch, the normalized testing

mean square error has already dropped t0 2.902x107° .

Figure 55 displayed the predicted and the desired state of charge of the energy storage

system.
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Figure 55. Predicted and desired state of charge of the energy storage system.
The upper graph shows the predicted and the desired hourly SOCs of all the testing
samples, and the largest error occurs at the 2060™ sample, which is equal to 0.0166. The lower

graph shows the predicted and the desired SOCs of the first 50testing samples.
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Figure 56 displays the prediction performance of the BPN with 10 hidden neurons. The
red curve is the predicted values of the hourly SOC from the 8328™ hour to the 17077" hour, the
blue curve is the target values of the hourly SOC from the 8328™ hour to the 17077" hour, and
the black curve is the differences between the predicted values and the target values of the hourly

SOC from the 8328™ hour to the 17077" hour. The largest error occurs at the 14610™ hour,

which is equal to 0.0113. The MSE of the testing performance is5.563x10" .
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Figure 56. Next year SOC prediction performance of the BPN with 10 hidden neurons using
6245 training samples.

Figure 6.57 displays the testing performance of the BPN with 10 hidden neurons.
Compared with the previous BPN with 10 hidden neurons, the new BPN with 10 hidden neurons

used all of the first 8327 samples for network training, and other parameters remains. The red
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curve is the predicted values of the hourly SOC from the 8328" hour to the 17077" hour, the
blue curve is the target values of the hourly SOC from the 8328™ hour to the 17077" hour, and
the black curve is the differences between the predicted values and the target values of the hourly

SOC from the 8328™ hour to the 17077" hour. The largest error occurs at the 10550™ hour,

which is equal to 0.006815. The MSE of the testing performance is 4.882x107". It is essentially

that the online training scheme can effectively improve the BPN predicting performance.
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Figure 57. Next year SOC prediction performance of the BPN with 10 hidden neurons using
8327 training samples.

Figure 58 displays the response of the distributed energy storage, when the BPN based
energy manager predicted the next stage of the SOC. Due to the system nature and the

prediction error, the distributed energy storage did not response as same as the BPN based
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energy manager predicted. Once the BPN based energy manager predicts the next stage SOC,
the renewable distributed generators should self-adjust the power outputs to ensure the SOC of
the energy storage will be leaded by the predicted SOC based on the procedure described in

Figure 43. The maximum error occurs at the 11520™ hour, which is equal to 0.021. The mean

L/v T Ty

square error of the energy manager predicted SOC is7.65x107°.
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Figure 58. Real-time distributed energy storage SOC response.

Figure 59 displayed the power outputs from the solar panels. The blue curve is the
maximum power outputs that the solar panels are able to generate under the real time
metrological condition. The red curve is the adjusted power outputs that allow the real time SOC

of the distributed energy storage follow the energy manager predicted SOC. There is a valley
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occurred from the 13000™ hour to the 16000™ hour approximately, which is the winter season of

the second year.
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Figure 59. Real-time PV maximum power output and adjusted power output.
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Figure 60 displays the terminal voltages applied to the 200W solar panels, which yields
to the adjusted solar panel power outputs as shown in Figure 59. The upper sub figure displays
the adjusted terminal voltages from the 8328™ hour to the 17077" hour, and the lower sub figure
is a snap shot of the upper figure, which is from the 8328™ hour to the 8375™ hour (48 hours, 2
days). In the night time, the terminal voltages drop to zero, because the global solar radiations
are zero, and no photon current can be inspired in the solar cells. In the day time, the terminal
voltages raise up with the increasing of the global solar radiation based on the desired adjusted

power outputs.
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Figure 60. Real-time adjusted solar panel terminal voltages.

Similarly, the power outputs from the wind energy system will be adjusted to meet the
revised power outputs, which yields to the SOC of the distributed energy storage following the
SOC predicted by the BPN based energy manager.

Figure 61 displays the power outputs from the wind energy systems from the 8328™ hour
to the 17077" hour. The blue curve is the maximum power outputs that the wind power
conversion systems are able to generate under the real time metrological conditions, and the red
curve is the adjusted power outputs that allow the real time SOC of distributed energy storage
follow the energy manager predicted SOC. In some hours, the values of blue curve are larger
than that of the red curve, which avoids the distributed energy storage be overcharged by the

power outputs from the generation bus.
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Figure 62 displays the blade pitch angles, the tip speed ratios, and the wind power
efficiencies of the rated 2kW wind turbine with doubly-fed induction generator, which yields to
the adjusted wind power outputs as shown in Figure 61. The upper sub figure displays the
adjusted blade pitch angles S from the 8328™ hour to the 8735™ hour; the middle sub figure
displays the adjusted tip speed ratios A ; the lower sub figure displays the wind power extraction
fractions based on the adjusted blade pitch angles £ and the adjusted tip speed ratios 4 by using
Equations 3.33 and 3.34. Initially, the blade pitch angles S are set to zero for the maximum

wind power extraction at a certain wind speed. However, the blade pitch angles are increased at
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some hours. These changes reduced the wind power extraction fraction and resulted in lower

wind power outputs.
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Figure 62. Real-time adjusted pitch angle, tip speed ratio and power efficiency.

6.4 Transient Performances of the DRGs and DES

In this section, the snapshots of the microgrid transient performance will be presented,
including the wind power conversion system, the solar power conversion system, and the
distributed energy storage.

6.4.1 Wind power conversion system transient performance analysis The initial
values and the target values of the wind power systems for the transient performance analysis are

shown in Table 10.



Table 10

Initial and Target Values of the Wind Power Systems for Transient Performance Analysis

Initial Value

Target Value

Active Power (W)

500

Reactive Power (Var)

-94.2733

Pitch Angle (degree)

0.1

Tip Speed Ratio

2.5

Wind Speed (m/s)

4.4719

Figure 63 displays the changings of the wind speed and the rotor angular speed.
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Figure 63. Wind speed and rotor angular speed acceleration.
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The wind speed is increasing from 4.47 m/s to 7.43 m/s in 83.3 milliseconds. As a

result, the rotor angular speed responses to the changings of the wind speed, and is increasing
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from 206.39 rads/s to 342.96 rads/s. However, it is still below the system synchronous
speed 376.99 rads/ s, and the doubly-fed induction generator will operate in the sub-
synchronous mode.

Figure 64 displays the PI controlled rotor currents in the direct and quadrature axes.
When the DFIG is in the sub-synchronous mode, the rotor absorbs the power from the grid, and
the rotor side converter manipulates the voltage frequency for compositing the difference
between the synchronous angular speed and the rotor rotating speed. The above procedure is

accomplished by the rotor side converter and its PI controllers.
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Figure 64. PI controlled rotor currents in direct and quadrature axes.
The stator active and reactive powers are only controlled by the rotor side currents in the

direct and quadrature axes. The integral gain and the proportional gain of the PI controllers for
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rotor side currents are K, =K; =100. As shown in Figure 64, the rotor currents in the direct

axis approached the target value in 0.4ms, and the rotor currents in the quadrature axis
approached the target value in0.5ms.

Figure 65 displays the rotor voltages in the direct and quadrature axes.
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Figure 65. Rotor voltages in the direct and quadrature axes.
The rotor side voltages partially depend on the rotor currents in the direct and quadrature

axes. The other parameter decides the rotor voltages is the slip frequency, which is equal to the

difference between the synchronous speed and the rotor angular speed, o, —®, , as shown in

Equations 3.65 and 3.66. The rotor currents in the direct and quadrature axes are settled down in
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0.5ms, but the rotor voltages in the direct and quadrature axes are still changing, because the
rotor rotating angular speed is keeping changing.

Figure 66 displays the Phase A rotor current and voltage. The rotor voltages in the direct
and quadrature axes are the mathematical variables. In practice, they should return to the three

phase forms as the reference signals for the converter switching control.

L L L L L [ N N

Rotor Current Ouput
100 - n ﬂ H ﬂ ﬂ

Rotor Voltage Output

al

o
—
1

>
<<
-~
g
>
<
>
<
>
[
>
(N
>
(Y
>,
<
P,
<
2
S
2
S
2
<
2
S

&
o
I
1

Phase A to Ground Rotor Current and Voltage Outputs (A, V)

=
o
=]
1
-—
—

[ [ L L L [ [ [
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08

t(s)

Figure 66. Rotor current phase A and voltage phase A.

As shown in Figure 66, the magnitude of the rotor voltage is decreasing and the
magnitude of the rotor current changes slightly. Because the wind speed is increasing and more
wind energy is extracted by the wind turbines, the rotor will absorb less power from the

microgrid, which is the main reason that the rotor voltage magnitude drops. Because both the
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wind speed and the rotor angular rotating speed are increasing, the slip frequency is reducing.
As a result, the frequencies of the rotor voltage and the rotor current are dropping.

Figure 67 displays the rotor and stator side active and reactive power outputs.
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Figure 67. Rotor and stator active and reactive power.

Initially, the rotor side reactive power is used to establish the electromagnetic field,
which bridges the stator side and the rotor side as an energy transfer channel. However, if the
stator side voltage remains or approaches a high level. The rotor side reactive power only builds
the potential on the rotor side leakage reactance, which introduces the leakage flux. In Figure 66,
the magnitude of the rotor voltage is decreasing, so the rotor reactive power is decreasing as well.
The stator side reactive power is decided by the rotor current in the direct axis only. When the

rotor current in the direct axis approached to its target value, the stator reactive power will not
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change anymore. The rotor side active power absorbed from the grid is decreasing due to more
and more energy is extracted by the wind turbine and fed to the DFIG. The stator side active
power is decided by the rotor current in the quadrature axis only. When the rotor current in the
quadrature axis approached to its target value, the stator active power will not change anymore.
6.4.2 Solar power conversion system transient performance analysis The initial
values and the target values of the solar power systems for the transient performance analysis are
shown in Table 11.
Table 11

Initial and Target Values of the Solar Power Systems for Transient Performance Analysis

Initial Value Target Value
Active Power (W) 6.0563 42.4997
Terminal DC Voltage (V) 22.4 24.9
Global Solar Radiation (W/m2) 36.3008 227.2871
Air Temperature (C*) 18.1448 18.3977

The upper graph in Figure 68 displays PI controlled DC/AC inverter currents in the direct
and quadrature axes. The DC/AC inverter is the last electronic interface mounted at the terminal
of the solar power conversion system, which is aim to transfer the DC power to AC power from
the solar panel side to the generation bus. The above procedure is accomplished by the DC/AC
inverter and its Pl controllers. The integral gain and the proportional gain of the PI controllers
are K, =K; =3. As shown in Figure 68, the current in the quadrature axis approached the target
value in 0.25ms. The current in the direct axis is zero, because the solar power systems are not

responsible for generating the reactive power. The lower graph in Figure 68 displays the

currents in AC waveforms, and the waveform modulation is completed in 0.3ms.
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Figure 68. PV DC/AC inverter current output in direct and quadrature axes and three phase form.
The upper graph in Figure 69 displays the DC/AC inverter voltage in the direct axis. The

middle graph in Figure 69 displays the DC/AC inverter voltage in the quadrature axis. The

DC/AC inverter voltages in the direct and quadrature axes depend on the PI controlled currents

in direct and quadrature axes. As shown in Figure 69, the voltage in direct axis approached the

target value in 0.2ms, and the voltage in quadrature axis approached the target value in 0.2ms as

well. The reason that the voltage in the direct axis did not remain zero is that the voltage will

drop through the impendence of connection conduct between the solar power conversion systems

and the generation bus. The lower graph in Figure 69 displays the DC/AC inverter voltage in

AC waveforms. Because of the changing of voltages in the direct and quadrature axes are small,

the change of voltage in AC waveform is small as well.
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Figure 69. PV DC/AC inverter voltage output in direct and quadrature axes and three phase form.

Figure 70 displays the active power and the reactive power outputs from the DC/AC
inverter. It is obviously that the initial active power output approaches the target value in 5ms.
The solar panel system is not proposed to generate the reactive power in the microgrid. Recall
the upper graph in Figure 69, the small amount decrement in the direct axis is the voltage drop
over the conduct, which connects the DC/AC inverter to the generation bus. In the viewpoint of
the generation bus, there is no reactive power delivered from the solar power conversion. The
reactive power output displayed in Figure 70 also demonstrates this fact.

6.4.3 Distributed energy storage transient performance analysis The initial, the
intermediate, and the final active and reactive power injections or ejections of the distributed

energy storage for the transient performance analysis are shown in Table 12.
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Figure 70. Active and reactive power outputs from the DC/AC inverter at the terminal of the
solar power system.

The upper graph in Figure 71 displays PI controlled DC/AC inverter currents in the direct
and quadrature axes. The DC/AC inverter is the last electronic interface mounted on the
distributed energy storage, which is aim to transfer the DC power to the AC power required for
balancing the power flow in the microgrid, and synchronize the output voltage vector to the
swing bus voltage vector. The above procedure is accomplished by the DC/AC inverter and its
Pl controllers. The integral gain and the proportional gain of the PI controllers for the currents in

the direct and quadrature axes are K, =K; =100. The lower graph in Figure 71 displays the

currents in AC forms, and the phase angles of the phase to ground currents are shifted twice in

0.25 second.
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Initial, Intermediate and Final Values of Active and Reactive Power Outputs from the

Distributed Energy Storage for Transient Performance Analysis

Initial State

Intermediate State

Final State

Active Power (W) -2000

2000

-2000

Reactive Power (Var) -5000

-5000
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10
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Energy Storage DC/AC Inverter
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Figure 71. P1 controlled ES DC/AC inverter current output in d, g axes and three phase form.

The upper graph in Figure 72 displays the DC/AC inverter voltages in the direct and

quadrature axes. The lower graph in Figure 72 displays the DC/AC inverter voltage outputs in

the AC waveforms. The DC/AC inverter voltages in the direct and quadrature axes depend on

the PI controlled currents in direct and quadrature axes. As shown in Figure 72, the voltages in



121

the direct and quadrature axes approached the target value instantly. The reason that the voltage
ripples occur is that the voltages are proportion to the derivations of the currents. If the currents
in the direct and quadrature axes change a large amount rapidly, the voltage pulses occur. The

lower graph displays the DC/AC inverter voltages in the AC waveform. Because of the reactive

power output is increasing, the magnitudes of the voltages are increasing as well.
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Figure 72. DES DC/AC inverter voltage output in direct and quadrature axes and in three phase
form.
Figure 73 displayed the active power and the reactive power outputs from the DC/AC
inverter. It is obviously that the transitions between different states are instant. The distributed
energy storage responded to the required active and reactive power from the swing bus fast and

accurately.
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Figure 73. Active power and reactive power outputs from the distributed energy storage.
6.5 Comparison with Other Energy Storage State of Charge Estimation Method

The core of the energy manager is the method applied to predict the state of charge of the
distributed energy storage.

In 2005, Bhangu et al. proposed an extended Kalman filter (EFK) based technique for the
real time prediction of state of charge of the lead-acid cells [60]. They stated their EKF based
method consistently provides estimates of the measured values within 2% average error in their
1300 second battery discharging simulation.

In 2012, Mishra et al. presented their smart charge study on energy storage state of
charge prediction by using the support vector machine technology after they experimented with

different linear regression models, including the least squares method and different regularized
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models: LASSO, Elastic-Net, and Ridge Regression [61]. Table 13 listed the performances of
these models for predicting the hourly SOC over 40days.

Table 13

Average Prediction Error (%) over 40 Days Sample Period for SVM with Different Kernel

Functions, and the Best Linear Regression Model Elastic-Net

Prediction Model Average Error
Elastic-Net 37%
SVM-Linear 29.50%
SVM-RBF 42.51%
SVM-Polynomial 5.75%

Compared with their results [61], the average testing predicted error (%) by using the
BPN based energy manager in this research over 365 days sample period for the hourly state of

charge of the distributed energy storage is 0.0704%, which is much better than the results

presented in [61].
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CHAPTER 7

Conclusion and Future Work

7.1 Conclusion and Contribution

This research proposed a biologically inspired method to design the energy manager,
which is able to coordinate the standalone operation of the hybrid renewable residential
microgrid.

In the first phase of this dissertation, a novel optimization procedure is presented to
minimize the overall cost of the different types of renewable distribution generators based on the
metrological features of the given location and its residential load profile. The non-uniform
simulated annealing algorithm applied is capable of searching the space uniformly at the early
stages and locally at the later stages, which improves the efficiency of optimal solution searching.

In the second phase of this research, the dynamic microgrid modeling allows the system
performance analysis both in the steady and the transient states. The wind turbine with DFIG can
operate in either the sub synchronization or the super synchronization model, which allows it
generate energy in a wide range of the wind speeds. The dual channel converter system, which
is mounted at the terminal end of the battery bank, allows the distributed energy storage sending
or absorbing the real power and the reactive power from or to the microgrid bi-directionally.
This advantage makes the distributed energy storage system be capable of balancing the power
flows in the microgrid as a swing bus. The P, Q decoupling control based PI controllers adjust
the current components in the direct and quadrature axes to the target values fast and accurately,
which yields to the reliable reference signals sending to the power electronic interfaces.

In the third phase of this research, the energy management strategy is proposed and learnt

by the back propagation neural network perfectly. According to the qualitative comparison with
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other linear regression models and the support vector machine models with different kernel
functions [61], the BPN based energy manager prediction performance is much better than those
mentioned above. The BPN based energy manager predicts the state of charge (SOC) of the
distributed energy storage system, and it yields to the reference values of the control variables of
the power electronic interfaces. The system responds the desired operation conditions rapidly
with the acceptable error. This result presents a fact that the biologically inspired energy
manager can implement the proposed energy management strategy after the self-learning
procedure, which will effectively promote the microgrid to the end users who are lack of the

essential knowledge of the power system engineering.

7.2 Future Work
In this research, the micro grid is designed for the residential end users. It is interesting
to apply the proposed methodologies to other types of the demands, such as military base in the
remote area, outer space center, and other fields, which are out of the range of the conventional
power systems.
The following technical topics are also suggested for future studies:
1. Impact of unbalanced load on the control and behavior of the microgrid in the
autonomous mode.
2. The effective strategy development of the energy storage system in the grid-connected
mode.
3. Impact of shadow on the surface of the PV panels on the control and behavior of the
microgrid.
4. Impact of voltage dip on the stator of the DFIG.

5. End user load control and battery size optimization in the grid autonomous mode.
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6. The generalization ability for the bio-inspired energy manager for the multiple microgrids

coupling.



127

References

[1] EtoJ., Lasseter R., Schenkman B., Stevens J., Volkommer H., Klapp D., Linton E.,
Hurtado H., Roy J. and Lewis N., "CERTS Microgrid Laboratory Test Bed," Consortium
for Electric Reliability Technology Solutions (CERTS), 2008.

[2] Bae I. and Kim J., "Reliability Evaluation of Customers in a Microgrid," IEEE Trans. on
Power Systems, pp. 1416-1422, 2008.

[3] Jayawarna N., Jenkins N., Barnes M., Lorentzou M., Papthanassiou S. and Hatziagyriou N.,
"Safety Analysis of a Microgrid Amsterdam,” in International Conf. on Future Power
Systems, Amsterdam, 2005.

[4] King D. and Morgan M., "Customer-Focused Assessment of Electric Power Microgrids,"
Journal of Energy Engineering, pp. 150-164, 2007.

[5] Barker P. and De Mello R., "Determining the Impact of Distributed Generation on Power
Systems. |. Radial Distribution Systems," Power Engineering Society Summer Meeting,
IEEE, pp. 1645-1656, 2000.

[6] Soman S., Zareipour H., Malik O. and Mandal P., "A Review of Wind Power and Wind
Speed Forecasting Methods with Different Time Horizons," North American Power
Symposium (NAPS), pp. 1-8, 2010.

[7] Corotis R., Sigl A. and Klein J., "Probability Models of Wind Velocity Magnitude and
Persistence,"” Solar Energy, pp. 483-493, 1978.

[8] Skidmore E. and Tatarko J., "Stochastic Wind Simulation for Erosion Modeling,"

Transactions of the ASAE 33.6, pp. 1893-1899, 1990.

[9] Takle E. and Brown J., "Note on the Use of Weibull Statistics to Characterize Wind Speed



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

128

Data,” J. Appl. Meteor, pp. 556-559, 1978.

Van Donk S., Wagner L., Skidmore E. and Tatarko J., "Comparison of the Weibull Model
with Measured Wind Speed Distributions for Stochastic Wind Generation,” Transactions of

the ASAE, pp. 503-510, 2005,

Al-Fawzan M., "Methods for Estimating the Parameters of the Weibull Distribution,” King

Abdulaziz City for Science and Technology, Riyadh, 2000.

Nakanishi F., Ikegami T., Ebihara K., Kuriyama S. and Shiota Y., "Modeling and Operation
of a 10 kW Photovoltaic Power Generator Using Equivalent Electric Circuit Method," in

Photovoltaic Specialists Conference, Anchorage, 2000.

Assuncao H., Escobedo J. and Oliveira A., "Modelling Frequency Distributions of 5
Minute-Averaged Solar Radiation Indexes using Beta Probability Functions,” Theoretical

and Applied Climatology, pp. 213-224, 2003.

Yaramoglu M., Brinsfield R. and Muller E., "Estimation of Solar Radiation using
Stochastically Generated Cloud Cover Data," Energy in Agriculture, pp. 227-242, 1985.
Skoplaki E. and Palyvos J., "Operating Temperature of Photovoltaic Modules: A Survey of
Pertinent Correlations,” Renewable Energy, pp. 23-29, 20009.

Agalgaonkar A., Dobariya C., Kanabar M., Khaparde S. and Kulkarni S., "Optimal Sizing
of Distributed Generators in MicroGrid," in Power India Conference, New Delhi, 2006.

C. Wang, M. Liu and L. Guo, "Cooperative Operation and Optimal Design for Islanded

Microgrid,” Innovative Smart Grid Technologies (ISGT), IEEE, pp. 1-8, 2012.

Aarts E. and Van Laarhoven P., "Statistical Cooling: A General Approach to Combinatorial

Optimization Problems," Philips Journal of Research, pp. 193-226, 1985.



129

[19] Faigle U. and Kern W., "Note on the Convergence of Simulated Annealing Algorithms,"

SIAM Journal on Control and Optimization, pp. 153-159, 1991.

[20] Gidas B., "Nonstationary Markov Chains and Convergence of the Annealing Algorithm,”
Journal of Statistical Physics, pp. 73-131, 1985.

[21] Granville V., Kriv&ek M. and Rasson J., "Simulated Annealing: A Proof of Convergence,"
Pattern Analysis and Machine Intelligence, IEEE Transactions on , pp. 652-656, 1994,

[22] Johnson A. and Jacobson S., "A Class of Convergent Generalized Hill Climbing
Algorithms,” Applied Mathematics and Computation, pp. 359-373, 2002.

[23] Lundy M. and Mees A., "Convergence of an Annealing Algorithm," Mathematical
Programming , pp. 111-124, 1986.

[24] Mitra D., Romeo F. and Sangiovanni-Vincentelli A., "Convergence and Finite Time
Behavior of Simulated Annealing,”" Advances in Applied Probability, pp. 747-771, 1986.

[25] Rossier Y., Troyon M. and Liebling T., "Probabilistic Exchange Algorithms and Euclidean
Traveling Salesman Problems,” Operations-Research-Spektrum, pp. 151-164, 1986.

[26] Michalewicz Z., Genetic Algorithms+ Data Structures= Evolution Programs, Springer,
1998.

[27] Zhao X., "Simulated Annealing Algorithm with Adaptive Neighborhood," Applied Soft
Computing, pp. 1827-1836, 2011.

[28] Zhao X., Gao X. and Hu Z., "Evolutionary Programming Based on Non-uniform Mutation,"
Applied Mathematics and Computation, pp. 1-11, 2007.

[29] Yao X. and Liu Y., "Fast Evolution Strategies,” In Evolutionary Programming VI, pp. 149-

161, 1997.



[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

130

Yao X., Liu Y. and Lin G., "Evolutionary Programming Made Faster,” Evolutionary

Computation, IEEE Transactions on, pp. 82-102, 1999.

Romeo F. and Sangiovanni-Vincentelli A., "A Theoretical Framework for Simulated

Annealing," Algorithmica, pp. 302-345, 1991.

Villalva M., Gazoli J. and Filho E., "Comprehensive Approach to Modeling and Simulation

of Photovoltaic Arrays," Power Electronics, IEEE Transactions on, pp. 1198-1208, 2009.

Deshmukh M. and Deshmukh S., *"Modeling of Hybrid Renewable Energy Systems,"

Renewable and Sustainable Energy Reviews, pp. 235-249, 2008.

Skoplaki E. and Palyvos J., "On the Temperature Dependence of Photovoltaic Module
Electrical Performance: A Review of Efficiency/Power Correlations,” Solar Energy, pp.

614-624, 20009.

Crispim J., Micael C. and Rui C., "Validation of Photovoltaic Electrical Models Against
Manufacturers Data and Experimental Results,” in Power Engineering, Energy and

Electrical Drives, 2007. POWERENG 2007. International Conference on, Setubal, 2007.

De Soto W., Klein S. and Beckman W., "Improvement and Validation of a Model for
Photovoltaic Array Performance,” Solar Energy, pp. 78-88, 2006.

Hussein K., Muta I., Hoshino T. and Osakada M., "Maximum Photovoltaic Power
Tracking: an Algorithm for Rapidly Changing Atmospheric Conditions,” In Generation,
Transmission and Distribution, IEE Proceedings-, pp. 59-64, 1995.

Kou Q., Klein S. and Beckman W., "A Method for Estimating the Long-Term Performance

of Direct-Coupled PV Pumping Systems," Solar Energy, pp. 33-40, 1998.

Ventre J., Photovoltaic Systems Engineering, CRC Pressl Llc, 2004.



131

[40] Wens M. and Steyaert M., Design and Implementation of Fully-Integrated Inductive DC-
DC Converters in Standard CMOS, Springer, 2011.

[41] Rashid M., Power Electronics: Circuits, Devices, and Applications, Pearson/Prentice Hall,

2004.
[42] Johnson G., Wind Energy Systems, Prentice Hal, 1985.

[43] Slootweg J., De Haan S., Polinder H. and Kling W., "General Model for Representing
Variable Speed Wind Turbines in Power System Dynamics Simulations,” Power Systems,

IEEE Transactions on, pp. 144-151, 2003.

[44] Muyeen S., Tamura J. and Murata T., Stability Augmentation of a Grid-Connected Wind
Farm, Springer, 2009.

[45] Barambones O., "Sliding Mode Control Strategy for Wind Turbine Power Maximization,"

Energies, pp. 2310-2330, 2012.

[46] Hofmann W. and Okafor F., "Optimal Control of Doubly-Fed Full-Controlled Induction
Wind Generator with High Efficiency,” in In Industrial Electronics Society, 2001.

IECON'01. The 27th Annual Conference of the IEEE, 2001.

[47] Hopfensperger B., Atkinson D. and Lakin R., "Stator-Flux-Oriented Control of a Doubly-
Fed Induction Machine with and without Position Encoder,” In Electric Power

Applications, IEE Proceedings-, pp. 241-250, 2000.

[48] Krause P., Wasynzuk O. and Sudhoff S., Analysis of Electric Machinary and Drive

Systems, 2nd Edition, IEEE Wiley-IEEE Press, 2002.

[49] Qiao W., "Dynamic Modeling and Control of Doubly Fed Induction Generators Driven by

Wind Turbines,” In Power Systems Conference and Exposition, 2009. PSCE'09. IEEE/PES,



132

pp. 1-8, 2009.

[50] Tapia A., Tapia G., Ostolaza J. and Saenz J., "Modeling and Control of a Wind Turbine
Driven Doubly Fed Induction Generator," Energy Conversion, IEEE Transactions on, pp.

194-204, 2003.
[51] Wu B., Dougal R. and White R., "Resistive Companion Battery Modeling for Electric
Circuit Simulations," Journal of Power Sources , pp. 186-200, 2001.

[52] Chakraborty A., Musunuri S., Srivastava A. and Kondabathini A., "Integrating STATCOM
and Battery Energy Storage System for Power System Transient Stability: A Review and
Application," Advances in Power Electronics, pp. 1-12, 2012.

[53] Grainger J. and Stevenson W., Power System Analysis, New York: McGraw-Hil, 1994,

[54] Werbos P., "Beyond Regression: New Tools for Prediction and Analysis in the Behavioral
Science," PhD Thesis, Committee on Applied Mathematics, Harvard University, 1974.

[55] Rumelhart D., Hinton G. and Williams R., "Learning Representations by Back-Propagating
Errors," Nature, pp. 533-536, 1986.

[56] Haykin S., Neural Network: A Comprehensive (2nd Edition), Prentice Hall, 1998.

[57] EROCT, "Hourly Load Data Archives,” 2013. [Online]. Available:
http://www.ercot.com/gridinfo/load/load_hist/.

[58] USEIA, "Electricity Data Information,"” 2011. [Online]. Available:
http://www.eia.gov/electricity/data.cfm.

[59] NREL, "Solar Resource & Meteorological Assessment Project,” 2013. [Online]. Available:

http://www.nrel.gov/midc/ssrp/.

[60] Bhangu B., Bentley P., Stone D. and Bingham C., "Nonlinear Observers for Predicting



133

State-of-Charge and State-of-Health Prediction of Lead-Acid Batteries for Hybrid Electric

Vehicles," Vehicular Technology, IEEE Transactions on , pp. 783 - 794, 2005.

[61] Mishra A., Irwin D., Shenoy P., Kurose J. and Zhu T., "Smart Charge: Cutting the
Electricity Bill in Smart Homes with Energy Storage,"” in In Proceedings of the 3rd
International Conference on Future Energy Systems: Where Energy, Computing and

Communication Meet, Madrid, 2012.



Appendix
Table A-1

Manufacture Data Sheet of KC200GT Solar Cell

Loy (A) 76.1
Vip (V) 26.3
Prax (W) 200.0863
I (A) 8.21
Voo (V) 32.9
L, (A) 9.8254x10°®
Lo (A) 8.2117
A 1.3
R, (Q) 1165.6
R, (Q) 0.2382
NOCT (C°) 475
Table A-2

Parameters of Wind Turbine with Rate 2kW Doubly Fed Induction Generator

Blade Length (m) 6.5
Moment of Inertia of One Mass Drive Train (kg -m?) 0.002
Gear Ratio 150
Rotor Self Reactance (H) 0.1568
Rotor Resistance (Q) 0.001
Rotor Leakage Reactance (H) 0.0156
Stator Self Reactance (H) 0.1554
Stator Resistance (Q) 0.001
Stator Leakage Reactance (H) 0.0155
Mutual Reactance (H) 0.15
Pair of Poles 2
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