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ABSTRACT

The thesis investigates methods for estimating inertia in systems at different levels of renew-
able energy penetrations. Estimating renewable generators’ inertia is challenging because
their structures differ from traditional generators. Moreover, the power generated from
renewable energy resources is not stable, depending on weather conditions. When a power
grid has a disturbance, photovoltaic inverter control influences a power grid inertia by different
controllers, such as power factor and reactive power control, to bring a power grid back to a
steady state. The changing reactive power impacts the frequency, which strongly relates to

inertia and increases the inertia estimation problem.

Several papers proposed different approaches to estimating renewable generators’ inertia.
The two main categories of estimating inertia are model-based and measurement-based
methods. The model-based methods mimic an actual renewable generator behavior to
calculate inertia. It is a complicated model specialized for specific renewable devices, but
unlike the measurement-based methods, it can estimate the inertia in the steady state. The
measurement-based methods find the patterns in measured data and use classification or
regression functions to calculate inertia. A measurement model can monitor a power grid in
real time. However, the method needs parameter oscillation, representing power imbalance
in a power grid. This thesis proposes three measurement-based models to estimate inertia
for systems under levels of photovoltaic systems: Symbolic Aggregate Approximation, Back
Propagation Neural Network, and Minimum Volume Enclosing with a Gradient Descent

Machine Model.

The measurement-based inertia estimation models need large-scale system measurement data.
PowerWorld Simulator has a function to analyze the transient stability, which is utilized
in this thesis to generate simulated data for this. Reducing photovoltaic output power can

mimic the impact of weather changes. Different types of photovoltaic controllers have various



behavior.

The Symbolic Aggregate Approximation transfers continuous data into discrete data. The
advantage of this method over other techniques is its ability to compress large-scale data and
the reduced data storage requirements. Hence, the model demonstrates the best performance

for estimating the inertia.

The Minimum Volume Enclosing Ellipsoid visualizes measurement data, including frequency,
generator output power, and bus voltage, on a 3-dimensional space. The volume of the
enclosed ellipsoid is the output that yields label inertia. During a fault in a power system,
the volume of the ellipsoid increases. The Gradient Descent Model estimates an optimal

regression curve to match volume with label inertia as the estimated inertia.

The Back Propagation Neural Network is a nonlinear classification method. With multiple
layers and neurons, this method can efficiently cluster complex input features, such as the
frequency of all buses and generator output power. The error between the estimated inertia
and the label inertia is used to modify the branches” weight to reduce error. The disadvantage

of the second and third models is that they do not have a better performance than the first one.
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Chapter 1

Introduction

1.1 Literature Review

Clean energy from renewable energy resources, such as solar and wind, results in reduced
greenhouse gas emissions. However, due to their intermittency, these resources cannot contin-
uously supply power to the grids. An imbalance of power between generation and loads will
lead to grid instability. Therefore, when renewable energy resources are used as the main

sources of generation, they cannot ensure grid stability at all times.

Traditional synchronous generators are equipped with turbines to store and release kinetic
energy to compensate for power imbalance throughout the system. Load and solar energy can
be regarded as the demand side of a power system, and they cause electrical power deviation.
Meanwhile, synchronous generators cannot suddenly change turbines’ parameters to generate
additional energy. Therefore, turbines release kinetic energy to compensate for the electrical
power deviation, causing a drop in frequency. Although some photovoltaic (PV) generation
systems are equipped with energy storage devices to compensate for power imbalance, these
devices are expensive and require large capital investments by utilities. Therefore, it is
essential to adjust power generation from other resources in systems with high levels of
PV generation. Depending on the level of power generated by the PV systems, specific
requirements for the PV systems are defined. Most distributed photovoltaics are equipped
with batteries to avoid stability problems, and large-scale photovoltaics must respond to

power grids to prevent system collapse [1].



1.1.1  Virtual Inertia

Unlike synchronous generators, PV systems do not have a rotating mass. Therefore, the
Swing Equation cannot be applied to calculate the inertia of PV systems. In a steady state,
PV generators do not need to compensate for the grid. Hence, these devices do not contribute
to the system inertia. During disturbances, the inverters are capable of providing reactive
power support and, as a result, contribute to the change of output frequency and moment of
inertia. The moment of inertia is referred to as the virtual inertia due to similar behavior as

the conventional turbine [2].

1.1.2 Estimation of the Virtual Inertia

A general method to estimate the virtual inertia is to calculate the relationship between
frequency variation and power deviation. For example, a PV system with low virtual inertia
cannot recover the frequency after a disturbance occurs because it does not contain enough
kinetic energy for regulation purposes. Using the frequency change(z—{ per unit) and power
deviation(AP), equation (1.1) can approximately estimate the virtual inertia(H). The
majority of the available literature in this domain use the general method as labels for

training other methods [1].

2H df

AP — S (1.1)

However, inverter controllers use frequency and the generated power as inputs, voltage,
and power factor, among other parameters, to control the output power. As a result, the
conventional methods of inertia estimation can only approximately estimate the virtual inertia

due to only considering the frequency and the generated power in calculations [3].



Considering multiple input features, two types of inertial estimation methods can estimate
virtual inertia: model-based and measurement-based [4]. The model-based methods establish
models to simulate the dynamic models of PVs [5]. Unlike measurement-based methods,
model-based methods can accurately estimate virtual inertia without using phasor measure-
ment units (PMUs) to provide system measurements. However, model-based methods are
complex and specific to certain types of inverter-based resources (IBRs), and, therefore,
cannot be applied to different types of devices. The measurement-based methods use PMU
data to estimate the virtual inertia. Most measurement-based methods use machine learning
models to cluster or regress PMU data, to estimate the virtual inertia in near real-time.
However, these methods cannot estimate inertia in steady-state because they require a change

in input features to generate results [4].

Model-Based Inertia Estimation

Various model-based methods have been proposed in the literature. The model-based methods
that are based on the Kalman filter methodology predict the parameters of the generator or
the control unit [5, 6, 7, 8]. In [9] and [10] the Kalman filter is replaced with a nonlinear least
square method to estimate the generator parameters. Other works, such as those presented
in [11, 12, 13], proposed various Kalman Filter methods to update measurement function to
predict system parameters. Other works have extended this approach of estimating inertia to

multiple synchronous generators [14, 15, 16].

Algebraic differential equations are another common model-based approach for estimating
inertia [17]. For multiple generators, coherency-based methods and area detection are pro-
posed for estimating inertia by grouping generators with a similar dynamic performance in

a power grid. The generators in each group exhibit similar behavior on output parameters,



such as frequency. Different equations, representing different dynamic models can then be
used to estimate the system inertia. In [18], the Discrete Fourier transform is used to analyze
the frequency curve to build equations for different dynamic models. In other works [19, 20],
equivalent dynamic models are developed to represent multiple areas and estimate inertia.
When a disturbance occurs, generators regulate the power grid to stabilize the grid. The
process includes the primary and secondary control stages, each with a different regulation
strategy. Based on this behavior, the authors in [21] analyze the behavior of generators in

each stage and propose to use different equations to estimate inertia.

Most model-based models can estimate inertia without significant disturbances, but they have
some weaknesses. Most generators have multiple parameter controllers, increasing dynamic
models’ complexity. Therefore, the linear system state function is unsuitable for predicting
system parameters. Using a non-linear system state function will need a proper method for
prediction, such as the Extended Kalman Filter method and the Unscented Kalman Filter
method. Those complicated models update their measurement functions and cannot estimate

the virtual inertia in a few iterations.

Measurement-Based Inertia Estimation

The authors in [22] presented a strategy to estimate inertia based on real-time data to
calculate the inertia of photovoltaic systems. The method utilizes a Multivariate Random
Forest Regressor to evaluate system inertia. The load profile, frequency feature, weather data,
and inertia data are the inputs used to train the machine learning model. Similarly, in [23],
an online method is proposed to estimate inertia from PMU measurements. The method uses
a system identification model to find the system state and calculate the inertia. In addition,
the work presented in [24] used a system identification model to estimate inertia. First,
the identification model, the state space model, finds the change of parameters in a power

grid, such as electrical power deviation and the rate of change of frequency. Then, convert



the identification model into a transfer function to calculate inertia. A Minimum Volume
Enclosing Ellipsoid model is used to extract features from the PMU data. First, time series
data is divided into several time windows, and bus frequency data is collected for each time
window. Next, the N-bus frequency data are transformed into an N-dimension space. The
volume of the enclosing ellipsoid is estimated, which acts as the input feature of a machine
learning model. The advantage of this model is its ability to compress large-scale data. A
similar concept is deployed in [25] to estimate inertia from phasor measurement units. Unlike
other papers, the method presented in [25] uses a decision tree to classify dynamic events.
The authors in [26], used transfer functions from PMU measurement to calculate the inertia
on non-synchronous devices. In another research, the Kalman filtering approach is used
to estimate system inertia from PMU data [27]. In another approach the works presented
in [28, 29] use a higher-order polynomial approximation to model the change of frequency

and eventually estimate inertia.

Dynamic system parameters can also be deployed for estimating system inertia. for example,
in [30, 31, 32, 33], the least squares method is used to estimate various dynamic parameters,
including system inertia, from wide-area measurement data. The authors in [34] developed
an inertia estimation method based on linearized dynamic equations that are derived from
eigenstructure analysis in multiple areas of the power system. Similarly, the works presented
in [35] and [36] build dynamic equations to estimate inertia from ambient measurement
data. First, a power grid is divided into several areas with similar dynamic devices. Then,
system identification techniques are used to identify models from a database. Finally, the
resulting transfer function is deployed to estimate system inertia. Similar works can be found
on system identification methods as a tool for estimating system inertia [36, 37, 38, 39] from

system measurements.

In a different approach, the methods presented in [40] and [41] estimate inertia from genera-



tors’ parameters, including active power and derivative of frequency. These methods extract
information from two time windows to calculate the deviation in system parameters and
estimate the equivalent inertia. This approach can be extended to multiple generators and
is robust to the changes in the width of the time windows. The authors in [42] proposed a
similar method to estimate inertia in an energy storage system based on a moving horizon

approach.

Measurement-based models are convenient because the input is PMU measurement. Most
models use system identification models to find transfer functions between parameters, such as
frequency and electrical power deviation. Then, calculate the inertia from transfer functions.
However, models are influenced by noise and numerical problems. Some methods use filter

models to filter out the noise and provide limitations to avoid numerical problems.

1.2 Thesis Outline

The thesis proposes a new method to estimate inertia based on a measurement-based model.
Unlike other measurement-based models, the method has a better estimating result in reducing
the influence of numerical problems. The thesis is structured as follows: Chapter 1 shows
the background of power grid stability and different control types, Chapter 2 shows the
synchronous generator and photovoltaic models used in simulations, Chapter 3 compares
and develops three inertial estimation methods, and Chapter 4 shows the sensitivity of
these estimation methods to various system parameters. Chapter 5 provide the summary;,

contributions, and future work.



1.3 Background

1.3.1 Power Grid Stability

Integration of increased levels of photovoltaic generation to a power grid is expected to
adversely affect the stability of the grid due to the intermittency of the output power from PV
systems and the lack of system inertia [43, 44]. The imbalance between the generated power
and the consumed power will affect the power grid stability, and the synchronous generators
will compensate for the power imbalance between the loads and the total generation. A
low-inertia power grid cannot withstand a significant power imbalance due to low kinetic
energy storage. If proper control strategies, such as inverter-based controls, are not in place,
load shedding could be the last resort in preventing blackouts. The decline in stability is
explained by the fact that the PV systems have no rotating unit and cannot release or store
kinetic energy to compensate for a power imbalance. At the same time, the recovery capacity
of the synchronous generators is reduced as a portion of the generation portfolio of these
resources is replaced by inverter-based resources. With the replacement of more synchronous

generators, the stability problem becomes more severe.

The power electronic-based inverters can control the output power of PV systems to prevent
a power grid from collapsing and adjust parameters such as frequency, voltage, and reactive
power after a disturbance occurs. For example, when renewable generators reduce the output
power due to weather changes, synchronous generators must provide additional power to
compensate for the load. However, turbines cannot quickly respond to the power imbalance
and slow down the rotational speed to generate more output power. Therefore, the power
grid frequency drops and needs to be regulated back to the nominal value. Synchronous
generators have governor controllers to enhance more steam to push turbines to increase
the rotational speed [45]. Meanwhile, PV inverters utilize switches signals to increases the

frequency of output AC power [46].



1.3.2 Reliability Requirement

The Federal Energy Regulatory Commission (FERC) and the North American Power Re-
liability Corporation (NERC) have established standards to ensure power grid reliability.
To maintain the power factor, FERC proposed the standard(Order 661A) for renewable
generators to maintain the power factor, including wind farms and PV, which produce over
20 megawatts. The power factor comes from equation (1.2), and the value should be between

0.95 and 1.05 [47].

Real power

power factor = (1.2)

Rated power

A wind farm must provide sufficient dynamic voltage to maintain the stability of the grid.
Although this requirement does not apply to photovoltaic systems, most customers follow
this requirement. NERC also requires that renewable generators provide more than 20 MW
of control voltage and reactive power [48]. Moreover, according to the Institute of Electrical
and Electronics Engineers (IEEE 1547 standard), a PV system larger than 10 MW should

respond to power deviations within the system [47].

1.3.3 Swing Equation

The Swing Equation, shown in equation (1.1), is the equation of motion for synchronous
generators. The moment of inertia comes from the turbine acceleration and two torques, i.e.,
the mechanical and electrical torques. In steady-state, the mechanical torque matches the
electrical torque. Therefore, all parameters are constant. However, in equation (1.3), when the

weather condition changes, PVs reduce the output power and cause synchronous generators



to generate additional electrical energy (A Psypehronous) t0 balance the load demand(AP,qq).
As mentioned, turbines cannot suddenly change the output power and inertia constant(M),

so turbines change the rotational frequency(w) to compensate for the power imbalance [49].

1
APsynchronous = éMWQ + A-Pload (13>

Furthermore, the output power and frequency can express from the turbine side in equation
(1.4). Input resources, such as steam, push turbines to generate mechanical power(P,,).
Turbines rotate their blades and generate electrical power(P,) due to electromagnetic induction.

d?0,,
dt?

If the rotational velocity increases( ), the generator injects more power into a grid.

&0,
5 =Pu= P~ P (1.4)

The parameter 6 in the swing equation represents the phase angle between the rotor and the
stator, P, represents the accelerating power, which is the difference between the mechanical
and electrical power, and J(sec) represents the moment of inertia. Moreover, in equation (1.5),
the inertia constant(H ) represents the ratio of released energy to the base power(Sg), which
is the maximum output power. The released energy comes from rotational energy(Frinetic)

from turbines, including frequency(f) and the moment of inertia(.J).

_ _J@nf)? _ Jo? Jes

Ehe
H— kinetic _
SB 253 QSB 2SB

(1.5)

Generally, there are several generators(Sg;) in a power grid. Hence, the equivalent inertia

that represent the inertia of the entire grid can be shown as equation (1.6) [50].
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1.3.4 Virtual Inertia

While the PV systems do not contribute to system inertia in the same way as traditional
synchronous generators, the power electronic inverters can mimic the inertial response during
transient stability. hence, the inverter-based resources can contribute to what is referred
to as virtual inertia. The Swing Equation cannot be applied to nonrotating equipment.
Therefore, there is a need for methods that can estimate the virtual inertia supplied by the
inverter-based resources. Moreover, a steady-state power grid does not have virtual inertia
because the photovoltaic inverter controllers are inactive without disturbances. When a
disturbance occurs, the frequency oscillates, and PV inverters compensate for the frequency
change. As shown in equation (1.7), the virtual inertia can be approximated with the rate of
change of frequency and the deviation of the electric power [50]. However, other parameters
are not included. This thesis develops a new data-driven approach to estimating virtual
inertia. Historical inertia data will be used as labels while various machine learning models
are trained with frequency variations and deviation of the electric power as inputs. Inverters
can control terminal voltage, power factor, or reactive power. Hence, to further improve the
accuracy of inertia estimation, these parameters can also be included in training the models.
In this thesis, Symbolic Aggregation Approximation (SAX) [51], Minimum Volume Enclosing
Ellipsoid(MVEE) [24], and back-propagation neural networks [52] are used that use multiple

input features to train models and estimate virtual inertia.

The label inertia comes from equation (1.7) to train three methods. The transfer function
determines the inertia from frequency and power changes. The mechanical power(AP,,)

does not change during a short time, so AP,, is zero. AP, and Af come from PMU



1"

measurement [50].

dAf 1

G = og \8fm— AR (1.7)

1.4 Types of Controllers

Different types of controllers exist to regulate the power grids after a disturbance occurs. In
large-scale photovoltaic systems, three controllers exist to regulate the power factor, reactive

power, and voltage.

1.4.1 Power Factor Control

Real power

W’ represents the relation

The power factor in figure (1.1), i.e., Power factor =
between the real power and the reactive power. Although some load demands require real
power, inductive loads, such as transmission lines, consume reactive power. Furthermore,

reactive power can help regulate voltage in transmission lines and reduce the voltage collapse

risk.

In systems with high levels of photovoltaic power generation that mainly generate real power,
there are significant power factor problems due to the fact that fewer synchronous generators
are available to generate reactive power. In other words, if PV systems do not provide enough
reactive power, synchronous generators must produce more reactive power to meet demand.
Therefore, PV systems must contribute to the total reactive power of the system to prevent

stability issues within the system [53].

1.4.2 Calculation of the power factor

In figure (1.2), a transmission line, modeled as a series impedance |Z|Z~, connects a generator

and a power grid. The generator determines the real and reactive power delivered to the power
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Figure 1.1: Power factor control

grid to maintain the zero power angle on the second bus. The injected three-phase power(Ss)
is equally divided between the three phases, and the single-phase current(Zgingiephase) 18

calculated according to equation (1.8).

|E| /6 — V|20

Isingle phase — |Z|ny (].8)

The injected power on the power grid is equal to the product of voltage(V £0) and conjugate

of current (I}

Singlephase), s shown in equation (1.9). Hence, the real and reactive powers can

be calculated according to equations (1.10) and (1.11).

E|\V|Zy =6 V2L
So—gvr . _glBIVIZY =8 Vi

. 1.9
single phase ‘Z| |Z| ( )
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Figure 1.2: A two-bus power grid

[ElV] 145
P, =3 cos(y — 0) — 3=—=—cos(7) (1.10)
v 2 2]
[EIV] VP
Q36 = 3———sin(y — ) — 3=—=—sin(y) (1.11)
v 2] 2|

The reactance is negligible (y = 0) if the transmission line does not have a large reactance.
Under these circumstances, the power equations are simplified to result in equations (1.12)

and (1.13). The angle of power on bus 1 is therefore calculated from equation (1.14).

E

Qo = 3%<|E|cos<5> “v (1.13)
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1 Pinjected’Z’
3x |E||V|

) = sin (1.14)

Consequently, a power factor controller can control ¢ to maintain the power angle on bus

2 [49].

1.4.3 Reactive Power Control

As mentioned earlier in this thesis, inverter controllers control the reactive power output
to maintain the power angle on the power grid. Given the angle reference, equation (1.13)
determines the reactive power that should be delivered to the power grid. One way to control
reactive power is to change the reactance by deploying a reactive compensation device.

The number of inverters within the system can be calculated according to the following

equation:

‘ Ppy
Numbers of inverters = (1.15)
Prated power of one inverter

In figure (1.2), when a photovoltaic power station injects power into a power grid, the power
grid voltage is not equal to the photovoltaic voltage due to the resistance and reactance of the
transmission line. Equation (1.16) shows the injected power from two buses’ voltage(Upy,s,Upy )

and transmission impedance(R + jX).

UPV - Ubus

Sus:Pus—i_. us:UusI#;ne:Uus—.
b b J Qv busd] b (R+jX)"

(1.16)

Equation (1.17) shows the injected reactive power. Move the reactive power to the left-hand

side and select the image part of the equation on the right-hand side.
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UbusU]));V - Ub2us - PbusR
Qbus = X

(1.17)

According to equation (1.17), the reactive power of the power grid is inversely proportional
to the line reactance. Therefore, the reactive power injection of a bus can be controlled by

changing the reactance of the line by using a compensator [54].

1.4.4 Voltage Control

In figure (1.3), the power grid voltage(V3) can be maintained by changing the transformer’s

turn ratio(tg,tr).

Vl VS I VR VZ
o
| @ | [ Z=R+X | | (Q) |
1: &, tp:1

Figure 1.3: Two buses power grid

First, calculate the injected power(Sy) to determine the current(/). Equation (1.18) shows

the injected power at the power grid bus.

Sy = Py + jQs = Vi|I|cost + jVi|I|sind (1.18)

Then, in equation (1.19), multiply the injected power(S;) with the transmission line(R+jX)

and extract the real part to find the voltage change on the transmission line.

_ RP+ XQ»

A
V A

(1.19)
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Finally, in equation (1.20), use the ratio of transformers and the voltage change to find the
relation between generator and power grid voltage. PV can control the generator voltage(V;)

to maintain the power grid voltage(V53).

RP+ XQ

t.Vi = tpV:
1 RV2 + 2V

(1.20)
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Chapter 2

Models Used for Simulation

In this thesis, three measurement-based inertia estimation methods are developed to estimate
the virtual inertia from PMU measurements. Simulations, conducted in Power World Simulator,
are used to generate data that mimic the PMU measurements. In PowerWorld Simulator,
dynamic models for synchronous generators and PVs are needed to analyze the transient

stability of the system. This chapter details the dynamic models used in simulations.

2.1 Synchronous Generator Model

Traditional synchronous generators are equipped with two types of controllers, i.e., governor
and exciters, to regulate power grid frequency and voltage variations after a disturbance
occurs. Governor controllers control the threshold of the sources of the input energy, such
as steam, to accelerate a turbine’s rotational speed. Exciters control the output voltage to
reduce the risk of voltage collapse. According to equation (1.13), the voltage magnitude is
regulated by the reactive power in a power system. Therefore, controlling the reactive output

power can maintain the output voltage.

2.1.1 Machine Model

This thesis uses a two-axis synchronous dynamic model to simulate synchronous generator
machines. The machine model shows the process of controlling the output voltage and current.
Since the generator is a two-axis synchronous generator, each pole can produce output voltage

(E,,Eq) and current (I,,1;). According to the reactance(X,) and transient reactance(X,,) of
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the generator model, an exciter sends voltage reference to regulate the output voltage.

The machine model shows the process of controlling output voltage(E,) in figure (2.1). The
input comes from a feedback signal(Eyq) of an exciter model, which provides the reference
voltage value. The error between the generator voltage and reference passes through an

integrator block(Tids) to regulate the output voltage.

50 1 '
E hX — E
fd Tds q
+
Current to ¥ '
. b3, Xa—X o 1
an exciter g (Xa = Xa) d

Figure 2.1: Machine Model [56]

2.1.2 Exciter Model

In 1968, the excitation system subcommittee(the Power Generation Committee of IEEE
Power Group) [55] proposed an exciter model. The model shown in figure (2.2), uses the
terminal voltage (Vr) as the input and compares the terminal voltage with the voltage
reference value (V.r,Other signal) to provide the field voltage (Ey4) to the machine model.
The voltage error is an input to a first-order lag block, which includes an error gain (K g )
and a time delay(7'4), to regulate the voltage. However, a generator cannot provide unlimited
voltage. The generator voltage is limited by a limiter determined by (Vaz,Vinin) range. The
output signal depends on the voltage dynamic regions: linear dynamic region or saturation
region. The saturation function will be the additional feedback to influence the input of the

phase compensator ( . Additionally, the damping factor on a DC motor influences the

1
Kg+5Ty )

error voltage [56].
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Figure 2.2: IEEET1 exciter model [57]

2.1.3 Governor Model

A turbine drops the rotational velocity to generate additional energy to compensate for
the electrical power imbalance when the total generated output power decreases. In fig-
ure (2.3) [57], a governor model detects the frequency change (Aw) to control the output
mechanical power (P,c.;). The real power reference (P,.s) comes from the dynamic model
on a synchronous generator. The mechanical power increases to compensate for the power
imbalance. The governor input is limited to prevent excessive turbine rotations. Therefore,
the model uses phase compensators and lead-lag controllers to slow down the output frequency
changes. The real output power(P,,..;,) comes from the difference between a series of blocks

and the production of damping factor (D) with frequency changes (Aw). The series controllers

include a permanent droop constant R), time delay (TlsTl)= and a lead-lag compensator(
14T
1) (98]

2.2 Model of the Renewable Generator

The Western Electricity Coordination Commission (WECC) developed the first generation
wind turbine model in 2008 to simulate wind turbines [59]. In 2010, WECC developed

the second-generation generator model, which can simulate wind turbines and photovoltaic
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Figure 2.3: TGOV1 Governor Model [58]

power generation [59]. In this thesis, the second generation model is used to simulate large

photovoltaic generators, excluding the battery model [59].

Wind power generation and solar power generation are modeled in a similar manner in
simulations. They need inverters to convert DC power to AC power. When a wind turbine
rotates, the wind turbine is unstable because of changes in wind speed. In order to maintain
the output power, an inverter is needed to transfer the input source to a stable output
source. Similarly, an inverter model is necessary to simulate solar energy in the PowerWorld
Simulator. Large renewable generators are in need of controllers to respond to grid changes,
such as reactive power control, voltage control, or power factor control. Before a renewable
generator can inject power into the grid, a machine model is needed to control the output

voltage, such as a frequency converter [60].

This thesis uses two models to simulate large photovoltaic generators: the REGCA model [60]
for the machine model and the REECA model for the electrical model. The machine model
receives current commands from the electrical model to determine how much power should
be injected into the grid. Meanwhile, the machine model should manage the output voltage
to prevent damage to the equipment. When the bus voltage is high, the machine model will

reduce the reactive power to adjust the bus voltages. In figure (2.4), the machine model
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has grid constraints to allow renewable generators to operate in safe areas, such as network

boundaries and voltage limits [60].

The electrical model depends on different controls, such as reactive power control, to send
current commands to the machine model. The electrical input can be a factory controller
or a given constant value. Unlike a large-scale PV, a distributed PV does not contain an

inverter controller to regulate parameters [61].

2.2.1 Wind Generators Model

There are several models of wind turbines in PowerWorld Simulator, including machine,
electrical, mechanical, and pitch controllers. PowerWorld Simulator has eight types of wind
turbines for the first generation and four for the second generation. Unlike the first-generation

models, some second-generation models have factory controllers to regulate the power grid [62].

The structure of the wind turbine model includes a pseudo-governor model, a wind turbine
model, and a generator model. The pseudo-governor model receives electrical power from the
generator model and turbine speed from the turbine model and sends mechanical power to
the turbine model. The wind turbine model also receives electrical power from the generator
model and mechanical power from the pseudo-governor model to determine the turbine speed.
Finally, the generator model depends on the speed of the turbine to inject complex power

into the grid—standard wind models from type 1 to type 4 [62].

2.2.2 Photovoltaic Model

In contrast to synchronous generators, PV generators do not have governor and exciter
controllers. In addition, photovoltaic power generation generates low-voltage DC, which
cannot be directly injected into the grid. Therefore, PV systems are equipped with a two-stage

power conversion for proper integration into the grid. Large PV plants need to control output
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parameters to maintain stability. This thesis uses the REGCA model as the photovoltaic

machine model and the REECA model as the electrical model [61].

The REGCA model, in figure (2.4), simulates a generator with a converter. According to
the voltage of the bus (voltage function) and the current commands of the electrical model
(14,1,), the machine model controls the injected complex power. The output complex power
depends on the current command of the electrical model. The reactive output power depends
on the network boundary and the electrical model command. If the bus voltage is too high,
to prevent damage to the equipment, the machine uses the maximum voltage to determine

the reactive output power [61].

L hAER

lgcommand 1+sT ) Tleactive
R
+
+

Inetwork @)—» Ioutput

+

I : 2. (z) I
Pcommand STg \‘j' real
Voltage
function

Figure 2.4: PV Machine Model [59]

When the voltage drops, the electrical model increases the reactive current command to
provide more reactive power. However, a machine model limits the reactive current command
based on the reactive power capacity of a generator. For limited conditions, a machine model
shall increase or decrease the output reactive current according to the bus voltage: the output
reactive current decreases when the bus voltage exceeds the pre-fault value. However, if

a bus voltage exceeds the maximum limit threshold, the reactive output power is limited.
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A machine model receives current commands as offsets and multiples and has low voltage
active current management gain for real output power. When a bus voltage is lower than the
pre-fault value, a machine model will reduce the real output power and increase the reactive
output power. However, if a bus voltage is below the minimum threshold, a machine model

provides the minimum real output power to maintain the real power injection of the grid [61].

The REECB model is an electrical model of an inverter. Unlike REECC, REECB has no
energy storage function. The electrical signal sends the current command to the machine
model according to the bus status. This model has three types of controllers: power factor
controller, reactive power controller, and voltage controller. The theory of these controllers
will discuss in the next section. The electrical model can select the type of controller applicable
to renewable generators. The electrical model receives electrical power from the generator for
power factor control to generate reactive current commands. Alternatively, the model uses
the reactive power of the generator to determine the reactive current command to achieve
voltage control. Reactive power control depends on the terminal voltage to determine the
output current command (if applicable). In addition, the current command depends on the
factory controller or the initialization constant with the bus voltage. The REECC model

uses additional battery models for real power current commands [61].

The input of the power factor controller comes from the power system. Large-scale photo-
voltaic power generation must respond to the power system, so the input is electrical power
with a power factor, and the output is reactive power. Distributed PV only provides constant
reactive power, so no power factor control exists. If photovoltaics has power factor control,
the controller will determine the reactive output power according to the electric power with
power factor. Otherwise, distributed photovoltaics have no power factor control and provide

constant reactive power.
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Figure 2.5: Power factor control [59]

In order to reduce the error of reactive power reference, the electrical model uses a proportional-

integral controller (PI controller) [61]. In a PI controller, input and output are proportional.

The integral block can reduce the error. The controller uses two limits to limit the reactive

output power and voltage in contact with unsafe areas. Then, the controller uses the current

parameters to obtain the error between reference values and uses the PI controller to reduce

the error [61].

Qr'efe’re’nce

Vreference
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Figure 2.6: Reactive power controller [59]
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Figure 2.7: Voltage controller [59]

Unlike large renewable generators, some photovoltaics are small distributed generators.
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Because of its small scale, this model does not need controllers as complex as other models.
PowerWorld Simulator provides a model, PVD1, for simulating distributed photovoltaic
generators. The model can provide a constant or reactive power factor for the power grid but

cannot maintain the bus voltage [61].

2.3 PowerWorld Simulation

The thesis used IEEE 37 bus grid, in figure (2.8), to simulate the impact of photovoltaics
in the PowerWorld Simulator. The thesis creates disturbances in one second and clean
disturbances in five seconds. This interference simulates the influence of weather conditions,
and PV reduces the real output power to a specific value. The power grid loses power during
the transient, and the frequency decreases. After five seconds, the interference disappears,
the current increases, and the frequency suddenly increases. The Orange generators represent
photovoltaic, while the white generators represent synchronous generators.

Figure 2.8: IEEE 37-buses power grid
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In addition, the weather conditions may differ from those in other regions, so some photovoltaic
equipment will not reduce the output power during the disturbance. The thesis created 700
weather conditions to simulate all possible weather conditions, each of which can provide

2000 PMU data for each parameter, such as frequency, voltage, and generator power.

2.3.1 The Primary Control Stage

When a disturbance occurs, photovoltaic frequency change is more severe than synchronous
generator frequency change in figure (2.9). The reason is that the synchronous generator has
a turbine to compensate for the frequency deviation. However, photovoltaic has no rotating
unit, and its inverter cannot immediately respond to interference. After seven cycles, the
governor and electrical model react to the sudden drop in frequency and stop the sudden

drop in frequency.
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59.971

59.968

59.965

1 1.008 1.016 1.024 1.032 1.04 1.048 1.056 1.064 1.072 1.08 1.088 1.096
Time

Figure 2.9: The moment when a disturbance happens.

The PV penetration comes from equation (2.1), the total PV power divided into the load
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demand. In table (2.1), the thesis replaced a 25 megawatts synchronous generators with
five distributed renewable generators, each of which can provide 5 MW. In the second and
third scenarios, the thesis replaced 10 percent of synchronous generators with five distributed
renewable generators, each of which can provide 10 MW. In the four scenarios, the thesis
replaced 40 percent of synchronous generators with five distributed renewable generators,
each of which can provide 33 MW. In the five scenarios, the thesis replaced 50 percent
of synchronous generators with five distributed renewable generators, each of which can
provide 63 MW. When interference occurs, all photovoltaics will reduce their real output
power. This table shows the lowest frequency point of the main control phase. At this
stage, only synchronous generators can release the inertia of the turbine, and they can reduce
the frequency drop. However, photovoltaics cannot react to interference immediately; the

Frequency drop is more severe than synchronous generators.

PV Power
Penetration = 2.1
RO = T ad Demand (21)

Table 2.1: Lowest frequency points(replace one synchronous generator)
H Number PV  Synchronous generators H

1 59.974 59.983
2 59.973 59.983
3 59.972 59.982
4 59.969 59.979
) 59.968 59.976

When the penetration of renewable energy increases to 10%, in table (2.2), the thesis retired
two synchronous generators, providing 50 megawatts of power to observe the impact. The
lowest frequency point is less than the former case because the total inertia from synchro-

nization is reduced.
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Table 2.2: Lowest frequency points(replace two synchronous generators)
H Number PV Synchronous generators H

1 59.966 99.9794
2 59.966 59.9794
3 59.966 59.9776
4 59.964 59.9773
) 59.963 Retired

Table 2.3: Lowest frequency points(replace three synchronous generators)
H Number PV Synchronous generators H

1 59.574 59.675
2 59.552 59.674
3 59.545 59.671
4 59.507 Retired
5 59.498 Retired

When renewable energy penetration increases to 40%, in table (2.3), this thesis replaces three
synchronous generators, which provide 150 mega watts. The frequency drops more severely
in the primary control stage.

The synchronous generator must continue to effectively reduce the frequency during the main
control phase. As a result, replacing more synchronous generators with PVs will reduce the

capacity of total inertia. The lowest frequency will be lower while add more PV penetration.

2.3.2 PV Regulation

During the primary control phase, the governor and inverter controller begin to regulate
the grid. Different types of photovoltaics will have different performances in the primary
control stage. For example, in figure (2.10), discrete PV does not have a inverter controller.
Distributed photovoltaics do not regulate the power grid when a disturbance happens. Only
synchronous generators use controllers to regulate the abnormal power grid. Therefore,

frequency recovery time will be longer than PV with inverter control.

Large-scale photovoltaic cells, in figure (2.11), can provide reactive power control, and the
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Figure 2.10: Frequency curves without inverter control

59.98
59.97 H
59.96
59.95 { — |
59.94 \ SN -

59.93 | -—

5092 \ /
59.91

50.9 \ /
50.89 \ /
59.88 \ /
59.87 \ ,/

59.86 /
\

59.85 \ /

50.84 \ /

59.83
59.82
59.81

60 *‘
59.99 Y\

Frequency

Figure 2.11: Frequency curves with inverter control

frequency curve can recover faster than discrete photovoltaic cells. When a disturbance occurs
at one second, the real power of a photovoltaic generator decreases. The inverter controller
cannot respond immediately to disturbances, and therefore, the freqeuncy drops suddenly

before the PV systems start compensating for power imbalance and adjusting the grid.

2.4 PMU Measurement Data

This thesis uses PowerWorld Simulator to generate PMU measurement. In the software, an

IEEE 37-buses power grid with different PV levels is built to generate PMU measurement.
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Each bus can provide several parameters, including frequency, rate of change of frequency,
voltage, phase angle, real power, and reactive power. Moreover, according to the output
power on each PV, changing the output power and running the transient stability analysis
to simulate seven hundred weather conditions. As a result, the PMU measurement includes
seven hundred weather conditions data, and each weather data includes 37-buses information.
Each bus information has two thousand time series data for fifteen seconds. Furthermore,
PMU measurement is randomly divided into two categories, training data(70%) and testing

data(30%), to observe the accuracy of the three inertia estimation methods.
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Chapter 3

Inertia Estimation

This thesis proposes three measurement-based methods to estimate the virtual inertia of
the systems with high levels of PV systems. The first method, i.e., the Symbolic Aggregate
Approximation (SAX) [51], estimates the inertia from historical PMU measurements and
classifies real-time PMU measurements into groups to estimate the virtual inertia. Two other
methods, namely Minimum Enclosing Ellipsoid (MVEE) with Gradient Descent Machine
Learning and Back Propagation Neural Network (BNN), are also used to estimate the virtual

inertia, and their performance is compared with SAX.

3.1 Symbolic Aggregate Approximation

SAX method estimates the virtual inertia from large-scale PMU measurements. The input
features, in figure (3.1), include parameters in all buses, such as frequency and electrical
power. Each PMU time-series measurement is divided into several time windows, and a
K-nearest Neighbor Algorithm classifies a real-time PMU measurement and finds the most

relevant data in the data pool to estimate the virtual inertia.

In this thesis, SAX converts each PMU measurement into two hundred time windows, in
figure (3.2), and each time window contains eight input features in 0.06 seconds. The input
features include frequency, the rate of frequency change, real power, real power deviation,

voltage, voltage change, phase angle, and phase angle acceleration. Adding eight input
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Figure 3.1: Ilustration of SAX

features can increase the estimated accuracy with short time windows. Also, taking the
average of measurement data in each window can reduce the complexity of the data pool.

Data compression reduces the complexity of building a data pool compared to other methods.

FaN

Feature

Time window

Figure 3.2: Ilustration of dividing PMU measurement into time windows

After a data pool is created, it is used to estimate the virtual inertia of a power system from
real-time PMU measurements. This thesis uses K-nearest Neighbor (KNN) algorithm to
classify real-time data in a data pool. The difference in parameters between real-time and
historical data are used to classify similar parameters in order to compute the label inertia.
Select the K numbers of the nearest data to calculate virtual inertia using classification or

regression functions.
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3.1.1 K-nearest Neighbors Algorithm

The KNN algorithm selects K data points with parameters similar to the real-time PMU
data. For example, in figure (3.4), the white circle represents the real-time PMU data needed
to estimate the virtual inertia. The orange and blue circles represent historical data in a
data pool. Only the orange circle is considered in the KNN model when K equals one. For
inertia classification estimation, the label of the orange circle equals to the estimated inertia.
Moreover, when £ is two, two blue and one orange circle are considered. The estimation of
inertia will use a classification or regression function to determine the estimated inertia from
their label inertia (equation (1.7)). The classification function selects the label inertia of the
highest density group as the virtual inertia. The regression function takes the average of
all label inertia as an estimated output. The advantage of increasing k is to avoid extreme
PMU measurement due to numerical problems. For example, when a disturbance occurs,
frequency suddenly drops and causes the label inertia to become an extreme value (equation
(1.7)). Therefore, even though a data pool has data points similar to real-time PMU data,

the estimated inertia may have a significant error.

Unknown

Orange Group |
Blue Group

K=3

Figure 3.3: K-nearest Neighbor algorithm model
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3.1.2 Inertia estimation

Two inertia estimation functions are used to estimate the virtual inertia. The regression
function in equation (3.1) takes the average of the label inertia from the selected data. The
classification function uses Euclidean Distance to take the label inertia from the highest-
density group of data points. Figure (3.4) shows the root mean square error between the
estimated inertia (equation (1.6)) and the label inertia. When K is between 4 and 6, the
regression function more accurately estimates the inertia compared to the classification
function. When K exceeds six, the classification computes a constant error because the
function selects the same group in a data set. However, the regression function has higher
errors when K is more than seven because the function selects some extreme label inertia

and computes the output.
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Figure 3.4: RMS error for regression and classification functions with different K values
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3.2 Other Methods

This thesis uses two inertia estimation methods to compare the accuracy of the estimated
inertia with the inertia estimated with SAX. One method is Back Propagation Neural Network
(BNN) [63], and the other method is Minimum Volume Enclosing Ellipsoid (MVEE) [24]

with Gradient Descent Machine Learning.

3.2.1 Back Propagation Neural Network

A Back Propagation Neural Network, in figure (3.11), is a non-linear classification method
based on machine learning. PMU historical measurement, which is a network input, includes
frequency and electrical power changes. Based on the input features, BNN classifies the data
into different groups. Therefore, a network can classify a real-time PMU measurement to
estimate the virtual inertia of a data set. The most relevant group is determined, and the
label inertia of the group results in the estimated inertia. Before training a network, the
initial weight of branches must be adjusted to successfully classify the input features. A
network computes the estimated output by an activation flow and uses the error between the

target and the output to adjust the weight of the branches.

Activation Estimated
Function Inertia

Hidden Hidden
Layer 1 Layer 2

Figure 3.5: Illustration of a Back Propagation Neural Network
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Initial Setting

Before training, the initial setting of the weight of branches, as shown in figure (3.6), impacts
the classification process. For an ideal distribution of input features, the relation between the
loss function and the weights of the branches only has one optimal point, as shown with the
red arrows (the classification line in figure (3.7)). However, the curve is not ideal for a real
case, which increases the challenge of classifying input features. If all branches start at the
same weight, the network only can classify input features into the same groups. Therefore,
randomly selecting the initial settings avoids such problems, as shown with the purple and

green arrows in figure (3.8).

Ideal Complicated

Figure 3.6: Illustration of the loss function and learning rate (Y: Loss function, X: weight
values)

Figure 3.7: With a same initial weight of branches
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Figure 3.8: With a random initial weight of branches

Classification Function

A network classifies input features from the PMU measurement. During the process, neurons
classify input features using an activation function, such as the Sigmoid function (equation
(3.2)). The input features (x) of the activation function come from the PMU measurement or

the output of the front layer.

Sigmoid function = (3.2)

1+ e 2
Bias

Adding bias can enhance the accuracy of inertia estimation. The gradient of the sigmoid
function moves the position of the curve in figure (3.9) to classify the input features. Without
adding bias, all curves pass through the same point (0,0.5), which reduces the efficiency of
classifying the data. Therefore, adding bias can make the classification curve more flexible

and effective.
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Figure 3.9: Ilustration of the Sigmoid function

Inertia Estimation

Figure (3.10) demonstrates the structure of a network. Equation (3.3) shows the process

of calculating the estimated output. The input features (x,22) come from the PMU mea-

surements, and the weight of branches (wA,wB) will be adjusted from the error flows. The

Sigmoid function (m) classifies the input features into different groups. The error flow

adjusts a and b in the Sigmoid function, and bias (b) assists the function in classifying inputs.

1

'1 +e —ax+b

wB4

output

1

'1 +e —ax+b

WBZZ

Figure 3.10:

Ilustration of a simple network
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/y\ = WBllsingid(JflI/[/An + :EQWAzl) + WBQQSingid(ZE1WA12 + IEQWAQQ) (33)

After a network computes the estimated output (), the estimated inertia may be far from
the label inertia. Therefore, the root mean square error between the estimated output and
the target is used to adjust the weight of branches to match the target. Therefore, the error
of a neuron comes from the output RMS error and the differential Sigmoid function (equation

(3.4)), as shown in equation (3.5).

Sigmoid (z) = Sigmoid(z)(1 — Sigmoid(z)) (3.4)

Neurons error = (y — y)(1 — Sigmoid(z))Sigmoid(x) (3.5)

Finally, the weight of the branches is adjusted from equation (3.6). In this thesis, « is 0.5.

ONeuron error (3.6)

Wnew = Wold — O ¥
arwold

With the selected activation and error flows, the network is fully trained by historical PMU
measurements, and therefore the network can estimate the virtual inertia from a real-time

PMU measurement by using activation flow only.
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Variation of the BNN Parameters

To determine which structure is suitable to estimate the inertia, figure (3.11) shows the
relation between the number of neurons and the RMS error. As a result, the lowest RMS

error is the best structure (194 neurons for each layer) to predict inertia.
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Figure 3.11: Tllustration of the impact of the number of neurons in RMS error

3.2.2 Minimum Volume Enclosing Ellipsoid with a Gradient De-

scent Machine Learning Model

The Minimum Volume Enclosing Ellipsoid is a virtualization regression method, depending
on the change of parameters. After a disturbance occurs, the parameters start to oscillate and
influence stability. The input features include frequency, electrical power, and voltage. Three
input features can be represented by a three-dimensional space, where each feature represents
one axis. A MATLAB toolbox is used to draw a minimum volume enclosing ellipsoid and
extract the volume as an output feature. The output feature will be the input source of a

gradient descent machine learning algorithm to find a regression curve to estimate inertia.

To find the minimum volume ellipsoid, MATLAB tool(Minimum Volume Enclosing Ellipsoid

on MatWorks) adjusts boundaries to find the minimum ellipsoid volume. Initially, the tool
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randomly selects a center. Next, the boundary is adjusted according to the density of the
data points, and another boundary is adjusted in other iterations. Finally, the minimum
ellipsoid volume is found by gradient descent machine learning algorithm to estimate the

virtual inertia.

Iteration 2

-

Iteration 3

Figure 3.12: Illustration of finding a Minimum Volume Ellipsoid

A Gradient Descent Machine Learning model

After finding the volume of ellipsoids from historical PMU measurements, a gradient descent
machine-learning model calculates an optimal regression function between the volume of the
ellipsoid and the label inertia. However, PMU measurements have extreme data, such as a
sudden frequency drop, when a disturbance occurs. Those extreme data cause an accuracy
problem for the regression function to estimate inertia. Therefore, a gradient descent machine
learning can adjust the weight of different regression orders to reduce the influence of extreme

data. The estimated inertia () comes from the function of ellipsoid volume (x) in equation
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(3.13).

¥ =a+br+cx® + da? (3.7)

The machine learning model adjust parameters from equations (3.9) to (3.12) to reduce errors

depending on the loss function, equation (3.8). The learning rate « is 0.8 in this thesis.

Loss function = %12::@— y)? (3.8)
pew = Qolg — O ¥ 815288 = Qo — @ * (a + bx + cx® + da®) (3.9)
bnew = bolg — ¢ * 8L8(;ss = bog — a * ((a + bz + cx® + da®)x) (3.10)
Cnew = Cold — O % 81;(;33 — ot — % (a + b + ca? + dz®)a?) (3.11)
e = Aot — Q% % = dyg — a* ((a + bz + cx?® + dz®)2®) (3.12)

Finally, the result shows in equation (3.13) and figure (3.13). The estimated error increases



43

when volume increases because of extreme data points.

f(z) =0.0013 — 0.19312 — 0.19462* + 2.5039z> (3.13)
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Figure 3.13: The error between the regression function and label inertia

This thesis builds different order regression functions and selects the best one to estimate the
virtual inertia. The table shows that the third-order regression function is the best regression

function.

Table 3.1: RMS error for different structures
Regression function order  PV1 PV2 PV3 Pv4 PV5 average
1 0.098  0.0958 0.0939  0.0991  0.1034 0.098
2 0.2111 0.2176  0.2031  0.2277  0.2231  0.0137
3 0.0369 0.0403 0.0395 0.0394  0.0415 0.01196
4 2.15E5  2.19E5 2.113E5 2.363E5 2.314E5 2.226E5
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Chapter 4

Sensitivity Analysis

This chapter shows the sensitivity of inertia estimation methods for different penetration
of photovoltaic systems. Five scenarios simulate the impact of different PV penetration
levels in an IEEE 37-buses power grid. The first scenario simulates replacing one 25 MW
traditional synchronous generator with five PVs (3 percent penetration). The second scenario
simulates replacing two synchronous generators, which provide 50 MW power, with five PV
generators (10 percent penetration). Those PVs are placed in different locations, increasing
their output power to match the total load. The third scenario is similar to the second
scenario, but PVs have inverter controllers to regulate the power grid after disturbances
occur. For the fourth and fifth scenarios, PVs provide large output power; therefore, PVs
must have inverter controllers (according to IEEE 1547 standard) [47]. The fourth scenario
simulates replacing three synchronous generators with photovoltaics, which provide 165 MW
(40 percent penetration). The fifth scenario simulates replacing four synchronous generators

with PVs, which provide 315 MW (50 percent penetration).

4.1 Scenario 1: Distributed PV Penetration of 3%

The first scenario shows the estimated error of three inertia estimation methods. Figure
(4.1) shows the root mean square error between the label and estimated inertia. The X-axis
represents the number of time windows. Each represents 20 PMU measurements in 0.3
seconds. The Y-axis represents the average training error of the estimated inertia. All

methods have significant errors at the 15th and 75th time windows due to extreme data
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(sudden weather changes). Moreover, SAX-based classification and regression demonstrate a

resonable performance in estimating the inertia.
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Figure 4.1: Hlustration of estimated errors of the inertia estimation methods in the first
scenario
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Figure 4.2: Hlustration of errors of SAX in the first scenario

Table (4.1) shows the average RMS error of each PV unit within the system. Minimum

Volume Enclosing Ellipsoid and BNN have higher average errors than SAX.
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Table 4.1: RMSE for inertia estimation methods
PV1 PV2 PV3 PV4 PV5  average
MVEE 0.021  0.024 0.023 0.0198 0.0213 0.0218
BNN 1.7E-2 1.7E-2 1.7E-2 1.7E-2 1.7E-2 1.7E-2
SAX(regression)  0.0007 0.0007 0.0007 0.0007 0.0007 0.0007
SAX(classification) 0.0003 0.0003 0.0003 0.0003 0.0003 0.0003

4.2 Scenario 2: Distributed PV penetration of 10%

The second scenario increases the PV penetration in the power grid. Figure (4.3) shows
the root mean square error between the label and estimated inertia. Like the first scenario,
the weather changes in the 15th and 75th time windows. Since distributed PVs do not
have inverter controllers, parameters in a power grid are more uncontrollable than lower PV
penetration because of less inertia storage.
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Figure 4.3: Illustration of estimated errors of inertia estimation methods in the second
scenario

Table (4.2) shows the RMSE values for different PV units.
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Figure 4.4: Illustration of errors of SAX in the second scenario

Table 4.2: RMSE for different inertia estimation approaches

PV1 PV2 PV3 PV4 PV5 average
MVEE 0.0412  0.0400  0.0393 0.0392 0.0412 0.0402
BNN 2.5E-2  25E-2  2.5E-2 2.5E-2 2.5E-2 2.5E-2

SAX(regression)  9.73E-5 9.73E-5 9.73E-5 9.73E-5 9.73E-5  9.73E-5
SAX(classification) 2.76E-5 2.76E-5 2.759E-5 2.759E-5 2.759E-5 2.759E-5

4.3 Scenario 3: Large-scale PV penetration of 10%

The third scenario places large-scale PVs in the power grid and observes the impact on
inertia estimation. Figure (4.5) shows the RMSE between the label and the estimated inertia.
Unlike previous scenarios, PVs are large-scale generators, and they are equipped with inverter
controllers to regulate the system parameters after disturbances occur. Table (4.3) shows
the average RMSE values for different PV units. Compared to the second scenario, inertia
estimation errors increase because of the inverter control, which controls output frequency and
other parameters, such as the voltage. Therefore, the Minimum Volume Enclosing Ellipsoid
method is challenged in calculating the regression function to estimate inertia due to extreme

data. The BNN and SAX methods can estimate inertia more accurately because they can
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classify input features into correct groups.
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Figure 4.5: Illustration of estimated errors of inertia estimation methods in the third scenario

Estimation Error
0.012

0.01

0.008

0.004 /\
0.002 /
0

1 4 7 10131619 22 2528 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91 94 97
Time Window

Inertia error
o
[ =
S
(o))

—SAX(regression) SAX(classification)

Figure 4.6: Hlustration of errors of SAX in the third scenario

Table 4.3: RMSE for different inertia estimation approaches

PV1 PV2 PV3 PV4 PV5  average

MVEE 0.0352 0.0331 0.0358 0.0402 0.0378 0.0364

BNN 0.0191 0.0191 0.0191 0.0191 0.0191 0.0191
SAX(regression)  0.0002 0.0002 0.0002 0.0002 0.0002 0.0002
SAX(classification) 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001
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4.4 Scenario 4: Large-scale PV penetration of 40%

The fourth scenario also places large-scale PVs to replace synchronous generators. Figure

(4.7) shows the estimated errors for inertia estimation methods.
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Figure 4.7: llustration of estimated errors of inertia estimation methods in the fourth scenario
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Figure 4.8: Hlustration of errors of SAX in the fourth scenario

Table (4.4) shows the average RMSE values for different PV units. For the Minimum Volume

Enclosing Ellipsoid and BNN methods, the errors increase due to the fact that the oscillation
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of large parameters results in extreme data. The Minimum Volume Enclosing Ellipsoid
method cannot find a fitting regression function to avoid extreme data, and BNN cannot
classify those data into correct groups. However, the developed SAX method results in an

acceptable classification performance because it can classify a real-time data into correct

group.

Table 4.4: RMSE for different inertia estimation approaches
PV1 pPV2 PV3 PV4 PV5  average
MVEE 0.0538  0.047 0.046 0.046 0.042  0.0470
BNN 4.53E-2 4.53E-2 4.53E-2 4.53E-2 4.53E-2 4.53E-2
SAX(regression)  8.35E-5 8.35E-5 8.35E-5 8.35E-5 8.35E-5 8.35E-5
SAX(classification) 5.56E-5 5.56E-5 5.56E-5 5.56E-5 5.56E-5 5.56E-5

4.5 Scenario 5: Large-scale PV penetration of 50%

The fifth scenario simulates replacing synchronous generators with large-scale PVs. Figure
(4.9) shows the estimated errors for inertia estimation methods, and figure (4.10) further

demonstrates the erros from the SAX method.
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Figure 4.9: Ilustration of estimated errors of inertia estimation methods in the fifth scenario
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Figure 4.10: Tllustration of errors of SAX in the fifth scenario

Similar to the fourth scenario, in table (4.5), errors from Minimum Volume Enclosing Ellipsoid

and Back Propagation Neural Network are larger than Symbolic Aggregate Approximation.

Table 4.5: RMSE for different inertia estimation approaches

PV1 PV2 PV3 PV4 PV5 average
MVEE 0.0463 0.047 0.048 0.045 0.046 0.0465
BNN 3.83E-5 4.38E-2 4.50E-2 3.92E-2 4.31E-2  3.59E-2

SAX(regression)  4.023E-5 9.63E-6 1.554E-5 1.601E-5 1.671E-5 3.696E-5
SAX(classification) 3.131E-5 4.90E-6 9.44E-6 9.233E-6 8.317E-6 1.264E-5
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Chapter 5

Summary and Future Work

5.1 Contributions

Inertia estimation methods perform differently at different levels of penetration of renew-
able energy resources. A power grid with low PV penetration does not have large inertia
to prevent system collapse because of retiring traditional synchronous generators. Inertia
estimation methods can estimate inertia without a significant error, except for the moment
of a disturbance. As PV penetration increases, PV units provide more inertia to the power
grid, and it becomes challenging for three inertia estimation methods to estimate inertia
because inverter controllers regulates the frequency and other parameters, such as voltage.
The Minimum Volume Enclosing Ellipsoid and Back Propagation Neural Network methods
cannot estimate inertia at the moment of disturbance because they cannot classify a sudden
change in the input features. However, the symbolic aggregate approximation method can

classify disturbance data, with an improved overall performance than the other methods.

This thesis introduces a new method for the estimation of system inertia. Unlike the existing
complex model-based methods, Symbolic Aggregate Approximation is a measurement-based
model that detects the PMU measurement to estimate inertia. Therefore, applying a less
complex structure to a power system is one of its advantages. Furthermore, the developed
SAX method can reduce the size of thee dataset because of the data compression. Compared
to SAX, most measurement-based models use a large data pool to classify real-time PMU

measurements to estimate inertia. Some methods use dimension reduction to decrease the
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size of the data. However, this method loses some information during the process. For SAX,
the width of time windows can be flexible to avoid losing too much PMU measurement

information while reducing the size of a dataset.

5.1.1 Summary

This thesis mainly studies the inertia estimation of renewable energy generators and establishes
three measurement-based inertia estimation models. In Chapter 3, a new data-driven inertia
estimation method based on symbolic aggregate approximation algorithm was developed to
estimate the inertia of a test power grid. The SAX model collects PMU information in the
data. Next, the K-nearest Negibors algorithm is used to estimate the inertia. Two approaches
are taken to calculate the inertia: classification and regression. Classification can cluster new

PMU data and find relevant data from the dataset to estimate inertia.

The Back Propagation Neural Network method can estimate virtual inertia from the PMU
data, and the number of input features relates to the accuracy. Virtual inertia is related to
the change in frequency and power deviation and other parameters. Therefore, increasing
input features can enhance the accuracy of the method. Meanwhile, the number of layers and
neurons also influences performance. The model cannot group input data to correct groups
if a structure does not have enough complexity. However, a complicated structure leads to
an over-fitting problem. BNN cannot accurately estimate the inertia. As shown in Chapter
4, the BNN method cannot estimate inertia better than SAX, but its performance is better

than the Minimum Volume Enclosing Ellipsoid.

The Minimum Volume Enclosing Ellipsoid method can estimate inertia in anpther power grid
without training the model again because it uses a higher-order regression function to estimate

inertia for a single unit. However, the method does not perform well compared to the other
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methods. This poor performance is due to the fact that a disturbance causes the parameters
to oscillate and enhances the challenge of regressing a real-time PMU measurement. Also, a
Gradient Descent Machine Learning model is applied to the regression equation to calculate
the virtual inertia. Based on the error between the label inertia and the output value, a
Gradient Descent Machine Learning model moves the order weight to reduce the error and

increase the accuracy.

5.2 Future Research Directions

The photovoltaic inverter controllers use the parameters of the grid to control the output
parameters. However, those inverters only receive their bus information for regulation. In
future work, PVs can receive other generators’ status to provide additional output reactive
power and enhance power grid stability. Inertia estimation can be another source for PV
to regulate abnormal power grid conditions after a disturbance occurs. For example, one
synchronous generator and one PV are placed very close. The synchronous generator cannot
store enough inertia to compensate for a power imbalance. Then, the PV can produce more

reactive power to help the synchronous generator to regulate the power grid.

This thesis has not considered the load variations, However, the load is not constant in the
real world. The simulation assumes that all load is constant and observes the impact of
photovoltaic systems on system inertia. Similar to renewable generators, the load can also
impact power grid stability. Even if the weather does not change, the load variations can
create an imbalance in a power grid. In future work, we will investigate the impacts of load

variations on the estimated virtual inertia.
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