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Abstract

In recent years, with the wide utilization of renewable energies, conventional power
systems are undergoing the transformation into renewable penetrated power systems.
However, the high penetration of renewable energy generations (RPGs) greatly
threatens the frequency stability of modern power systems since the integration of
RPGs introduces uncertainties into systems and decreases system inertia. Therefore,
uncertainty quantification (UQ) methods for frequency stability of renewable
penetrated power systems are urgently needed.

In this thesis, firstly, methods for probabilistic frequency stability analysis (PFSA)
considering the dynamics of RPGs with different control strategies are proposed. Based
on the system frequency response (SFR) model, the frequency response affected by
different control strategies of RPGs is analyzed, which reveals the necessity of
considering the dynamics of RPGs in PFSA. Moreover, a multi-interval sensitivity
(MIS) method is proposed to reduce the simulation time of PFSA, thereby improving
efficiency. And then, a multi-element low-rank approximation (MELRA) method is
proposed to conduct uncertainty propagation analysis (UPA) while considering the
frequency response characteristics, thereby increasing the accuracy of PFSA.
Additionally, based on the Gaussian mixture model (GMM), the limitation of moment-

based UPA methods is discussed by investigating the relationship between moments
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and probability distributions of uncertainties.

Secondly, to tackle the heterogeneity and interactions of wind power generations
(WPGs), i.e., wake effects (WEs) in wind farms (WFs), an analytical WE model
suitable for PFSA is proposed, which considers multiple factors, including terrain, wind
direction, and time delay of wind flow, and thus can reflect the WEs in WFs more
realistically. Moreover, a multiple output Gaussian process regression (MOGPR) for
PFSA considering the WEs in WFs is proposed, where the implicit relationship among
system frequency response and area-level frequency responses is utilized so that the
accuracy of PFSA is improved. Furthermore, the impact of terrain, wind direction, and
WEF layout on PFSA is investigated based on the proposed WE model and MOGPR.

Thirdly, to quantify the frequency response trajectory affected by uncertainties more
efficiently, a generic multi-output polynomial chaos expansion (GMPCE) based on
multi-task Elastic Net is proposed. GMPCE has multiple outputs, the sparse structure,
and polynomial chaos bases suitable for independent uncertainties with arbitrary
probability distributions. Thus, it is suitable for large-scale uncertainties, avoids the
curse of dimensionality, and can quantify the system frequency response at each time
point simultaneously. Also, a generic transformation method based on independent
component analysis (ICA) is proposed, which can transform the uncertainties with
complicated correlations into independent ones and thus broadens the application of
proposed GMPCE.

Finally, to tackle slow timescale characterizations of uncertainties (STCUs) and fast

timescale characterizations of uncertainties (FTCUs) simultaneously, the FTCU

II



transformation method based on Karhunen-Lo¢ve expansion (KLE) is proposed, which
enables STCUs and FTCUs to be formulated by probability distribution methods in a
unified form. Moreover, a scalable polynomial chaos expansion (PCE) method is
proposed to improve the efficiency of UPA of power system frequency stability
considering STCUs and FTCUs. And then, a comprehensive UQ framework based on
the proposed FTCU transformation method and scalable PCE is proposed, where
frequency stability indices, frequency response trajectories, and the sensitivity between
stability indices and uncertainties are quantified. These results will provide constructive
guidance for system operators to ensure the frequency stability of renewable penetrated

power systems.
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Chapter 1 Introduction

1.1 Background

In recent years, sustainable development and environmental protection have been
concerned worldwide. Many countries have issued relevant policies to promote
renewable energies [1]. For example, in 2019, Britain promised to develop a power
system with zero or nearly zero carbon dioxide emission in 2035 by legislation [2]. In
2021, China promised to achieve peak carbon dioxide emission in 2030 and carbon
neutrality in 2060 in the report on the work of the government [3]. Fig. 1.1 shows
countries with policies for promoting renewable power generations (RPGs) and

restricting the utilization of fossil fuels.
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Fig. 1.1 Countries with climate change policies by 2022 [4].



Meanwhile, with the growth of power demand, the utilization of RPGs in power
systems has developed rapidly. Since 2014, the increased installed generation capacity
of wind power and photovoltaic (PV) in the world has exceeded that of fossil fuels. It
is expected that in 2025, RPGs will be the largest source of power generation. And in
2028, RPGs are expected to account for over 42% of global power generation. The
share growth of RPGs from 2000 to 2028 is presented in Fig. 1.2. Therefore, the
traditional power systems are undergoing a tremendous transformation into modern

power systems with high penetration of RPGs.
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Fig. 1.2 RPG share from 2000 to 2028 [5].

However, the utilization of RPGs is a double-edged sword for modern power
systems. On the one hand, it accelerates the decarbonization of power systems. On the
other hand, it poses a huge threat to system stability, including frequency stability [6].
In the research area of power system stability, frequency stability refers to the ability of
power systems to maintain the frequency, i.e., synchronism, and mitigate the frequency

deviation [7, 8]. Hence, the frequency response, including the rate of change of



frequency (RoCoF) and the frequency nadir/vertex (FN/FV), are the main frequency
stability indices [7, 9]. Also, RPGs dominated by wind power generations (WPGs) and
PVs have the characteristics of intermittent and fluctuation due to the change of weather
conditions. After a large quantity of RPGs is integrated into power systems, numerous
uncertainties will be injected into systems, which will cause the power imbalance
between the power generation and power demand, thereby contributing to the
fluctuation of frequency and the degradation of frequency stability [7]. One of the most
serious frequency stability incidents induced by RPGs happened in London in 2019.
The sudden generation reduction of wind power caused by extreme weather contributes
to the outage of approximately 1 million customers [10]. Moreover, RPGs with
conventional control schemes do not provide any inertia or frequency response like
traditional synchronous generators, and their integration has significantly reduced the
power system inertia, thereby further degrading the frequency stability [11].

In light of the randomness and low inertia caused by the integration of PRGs into
power systems, developing effective methods to quantify the impact of RPG
uncertainties is an essential task to ensure the frequency stability of power systems,

which is worthy of investigation.

1.2 Literature Review

In terms of uncertainty quantification (UQ) for power system stability, two

timescale characterizations of uncertainties are typically concerned: 1) slow timescale



characterization of uncertainty (STCU), and 2) fast timescale characterization of
uncertainty (FTCU). STCUs mainly focus on the uncertainty sources varying slowly
and infrequently with time, and the fast time-varying properties of them are usually
ignored to reduce computational complexity. Thus, they are characterized as the
randomness of steady-state operating points. By comparison, FTCUs focus on fast
time-varying properties of uncertainty sources varying rapidly and frequently during
the concerned time period. Moreover, the comprehensive UQ usually contains three
tasks: 1) uncertainty modeling, i.e., characterizing the randomness or fluctuation of
uncertainties; 2) uncertainty propagation analysis (UPA), i.e., quantifying the
relationship between uncertainties and concerned system outputs; 3) uncertainty
sensitivity analysis, i.e., identifying the uncertainties significantly affecting concerned
system outputs. In the following, existing studies on UQ for power system stability are
summarized according to different timescale characterizations of uncertainties,

including studies on different UQ tasks.

1.2.1 Uncertainty Quantification for Power System Stability with Slow Timescale

Characterization of Uncertainty

Regarding the modeling of STCU of RPGs, different models have been proposed.
These models characterize the relationship between the output power of RPGs and
weather conditions, e.g., wind speed and solar irradiance. And the uncertainties of
weather conditions are described by different probability distributions or historical data.

Since there are various types of probability distribution functions with simple forms,



probability distribution methods are widely applied in power system stability to model
the possible values of uncertainties at the specific time point [6, 7]. And power system
stability considering STCUs is commonly called probabilistic power system stability.
To further improve the precision of probability distribution methods in modeling
uncertainties, the Gaussian mixed model (GMM) [12, 13] and kernel density estimation
(KDE) [14] are proposed to model uncertainties with complex probability distributions,
especially when probability density functions (PDFs) have multiple peaks. Furthermore,
to characterize uncertainties with spatial correlations, the Copula functions are
proposed [15]. Additionally, to adequately characterize the uncertainties in specific
scenarios, some empirical PDFs are developed. Typical PDF developing methods
include forming a versatile PDF [16] and introducing the truncated interval [17].
Models characterizing the relationship between RPG outputs and weather
conditions can be summarized as two types, i.e., simplified RPG models and detailed
RPG models. The simplified RPG models usually utilize the simplified maximum
power point tracking (MPPT) functions to calculate the RPG outputs under different
weather conditions [18]. Since the calculation complexity is significantly reduced, these
simplified RPG models are widely adopted in the probabilistic power flow [19],
economical operation [20], and probabilistic stability analysis [6, 7, 21-26]. For
probabilistic power flow and economical operation, applying the simplified RPG
models is relevantly reasonable since these issues commonly focus on the steady state
of power systems. However, for probabilistic stability analysis, the above models are

oversimplified since the dynamics of RPGs are ignored. Although some researchers
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have tried to use detailed RPG models in probabilistic stability analysis [27-29], the
studies have focused on small-signal stability and voltage stability issues rather than
frequency stability. Moreover, apart from the conventional grid-following control
strategy [30-33], to mitigate the negative impact of low inertia on system stability
caused by the large-scale integration of RPGs, control strategies providing inertia have
been proposed, such as virtual synchronous generator (VSG) [34-45], which is also
treated as a type of grid-forming control strategies. Since different control strategies of
RPGs have distinct dynamics and provide diverse inertia, the impacts on frequency
stability are different, which is worthy of being investigated.

Additionally, some RPGs have their unique characteristics. For example, in a wind
farm (WF), wind turbines (WTs) at the wind downstream position are affected by the
wake of upstream WTs, resulting in the deficit of downstream wind speed, i.e., wake
effects (WEs). However, existing studies on probabilistic frequency stability affected
by WPG uncertainties ignore the WEs of WFs. Thus, it is worth investigating whether
this model simplification is reasonable and whether it will contribute to the inaccurate
results of probabilistic frequency stability analysis (PFSA). Moreover, to characterize
the WEs of WFs, different models have been proposed, which can be mainly divided
into numerical WE models and analytical WE models. Numerical WE models are based
on computational fluid dynamics (CFD) [46-48], the results of which usually have high
accuracy. However, the computation of these models costs an enormous amount of time,
which are not suitable for probabilistic stability analysis. By comparison, the significant

merit of analytical WE models is that the computational time is quite limited. Among
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the analytical WE models widely applied, the Jensen WE model is based on the
principle of conservation of mass [49-51], while the Frandsen WE model is based on
the principle of conservation of mass and momentum [52]. However, these two WE
models assume that the wind speed at the same streamwise section in the wake region
is identical, which is not in line with actual WEs. To overcome the above shortcoming,
the Gaussian WE model is proposed, where the Gaussian shape is applied to depict the
wind speed deficit [53]. Also, some improved analytical WE models have been
proposed to consider the impact of different factors on WEs, including the wind
direction [54-58], single complex terrain [54, 59], and the time delay of wind flow [60].
However, these existing studies only consider the above factors partly rather than
entirely and only consider one type of complex terrain rather than multiple types.
Moreover, most of the existing analytical WE models considering different factors are
based on the Jensen WE model [50, 54-59], the accuracy of which is limited. Thus, a
WE model suitable for PFSA and comprehensively considering the multiple factors
affecting the WEs of WFs with high accuracy is required.

Regarding UPA, many review papers have summarized the typical methods [7, 61-
76]. For UPA methods suitable for STCUs, they can be classified as numerical methods,
analytical methods, and approximation methods. Among the numerical UPA methods,
Monte Carlo simulation (MCS) is one of the representative methods [18], the results of
which are commonly treated as the baseline of other methods. Moreover, improved
MCS methods have been proposed for different purposes, for example, sequential MCS

suitable for chronological data [77], Markov Chain MCS and quasi MCS (QMCS)
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aiming at improving the sampling efficiency [7]. Also, other numerical methods,
represented by Latin hypercube sampling (LHS) [78], have been proposed to improve
the sampling efficiency. However, at least thousands of sampling data are required for
numerical methods, which indicates their time-consuming characteristic.

By comparison, analytical UPA methods significantly reduce the computation time.
In analytical UPA methods, convolution methods can only handle the independent
uncertainties, unscented transformation can only derive the mean and variance of the
concerned system outputs, and Taylor series expansion requires the derivative operation
with respect to concerned system outputs, which leads to the limited application of these
methods in power systems [61, 79]. By comparison, moment-based methods, including
point estimation methods (PEMs) and cumulant-based methods (CBMs), are relatively
widely applied in probabilistic stability analysis of power systems, including transient
stability [7], small-signal stability [27-29, 80-82], voltage stability [83], and frequency
stability [21]. Both of them adopt the moments of uncertainties to obtain those of
concerned system outputs and utilize series expansion to calculate the PDFs. The
differences are that PEMs adopt central moments, while CBMs adopt cumulants, and
the required sampling data of CBMs are usually less than those of PEMs [84]. However,
CBMs are effective only when there is an approximately proportional relationship
between concerned system outputs and uncertainties. Whether the above relationship
between frequency stability indices and uncertainties of RPGs exists when considering
the dynamics of RPGs requires to be studied. Also, according to the forms of series

expansion, uncertainties with close moments should have similar shapes of PDFs.
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However, it should be discussed whether there are situations violating the above
relationship, which may affect the calculation accuracy of stability analysis. Thus, the
effectiveness of conventional CBMs in analyzing frequency stability considering the
dynamics of RPGs is undetermined and should be investigated.

Recently, the emerging approximation UPA methods have found a balance
between efficiency and accuracy, which are the focused methods and mainly include
polynomial chaos expansion (PCE) methods, low-rank approximation (LRA) methods,
and Gaussian process regression (GPR) methods. PCE is formed by the superposition
of orthogonal polynomials related to probability distributions of uncertainties, which
has been widely applied in power flow [85-96] and adopted in voltage stability [14] and
transient stability [97-99] recently. However, the relationship between the number of
undetermined coefficients and that of uncertainties is factorial, leading to the curse of
dimensionality when considering numerous uncertainties. Apart from PCE, LRA is also
based on orthogonal polynomials. The relationship between the number of
undetermined coefficients and that of uncertainties is linear [100], indicating that LRA
is suitable for large-scale UPA. Some researchers have used LRA in probabilistic power
flow [101, 102]. However, to the best of our knowledge, there has been no attempt to
use LRA in PFSA. Additionally, the explicit correlation expression of uncertainties is
required for PCE and LRA, as well as analytical UPA methods, and the complicated
correlations of realistic data of RPG uncertainties and WEs cannot be characterized as
expected. Thus, they are not suitable for probabilistic stability analysis considering

complicated correlations. By comparison, GPR only requires sampling points of
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uncertainties, which has been applied in voltage stability [78] and transient stability
[103]. However, to the best of our knowledge, there has been no attempt at PFSA by
applying GPR. Moreover, approximation UPA methods in the existing studies are
generic frameworks, which means the accuracy of specific issues is reduced due to the
ignorance of the characteristics of concerned outputs. Thus, it is necessary to consider
the frequency characteristics when designing the UPA method for the PFSA. Also, both
the system frequency and area-level frequency are concerned in PFSA, and there is an
implicit relationship among the system and area-level frequency responses. However,
existing approximation UPA methods can only analyze the probabilistic stability of
system and area-level frequency responses individually, the implicit relationship will
be overlooked. Therefore, to improve analysis accuracy, UPA methods considering the
relationship among the frequency responses is required. Furthermore, existing
approximation UPA methods only have one output, which means that if system
response trajectories are needed to be quantified, they can only quantify the system
response at each time point separately. This indicates that the number of constructed
UPA models equals the concerned system response duration divided by the step length,
which is cumbersome and time-consuming. Thus, UPA methods with multiple outputs
are needed to improve efficiency. Additionally, recently, neural networks have been
applied to conduct UPA. In [104], gated recurrent units are used to analyze the transient
stability affected by trip uncertainties. Authors in [105] have proposed a multi-stability
analysis method based on graph neural networks for power systems affected by WPG

and trip uncertainties. In [106], the graph neural network and the physics-informed
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neural network are combined to analyze the transient stability affected by WPG and trip
uncertainties. And authors in [107] have combined the physics-informed neural
network and the deep Koopman operator to investigate the transient stability. However,
though neural network-based methods can tackle complicated issues, the training of
them requires massive simulations and thus is time-consuming.

Regarding the STCU sensitivity analysis methods, they can be classified as local
sensitivity analysis (LSA) methods and global sensitivity analysis (GSA) methods. LSA
methods are only valid for a small region of variations and thus have limited
applications [108]. By comparison, GSA methods analyze the impact of uncertainties
in a full region of variations and consider the nonlinear relation, which is receiving
increasing concerns. In [109], the factors of voltage stability are investigated based on
GSA under the framework of analysis of variance (ANOVA). Besides, authors in [15]
have studied the voltage and transient stability affected by RPG uncertainties based on
GSA. However, GSA usually requires results for MCS-based UPA methods, which
indicates it is time-consuming. To improve the efficiency of uncertainty sensitivity
analysis, approximation UPA methods have been adopted in GSA, which significantly
reduce the calculation time [110, 111]. Additionally, in probabilistic stability analysis,
the stability indices, system response trajectories, and the sensitivity between stability
indices and uncertainties play different roles. Specifically, stability indices indicate the
instability probability of systems, system response trajectories describe system states at
different time points, and the sensitivity between stability indices and uncertainties

identifies the uncertainties significantly affecting the system stability. However, there
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has been no comprehensive framework for power system stability affected by

uncertainties containing all the indices mentioned above.

1.2.2 Uncertainty Quantification for Power System Stability with Fast Timescale

Characterization of Uncertainty

Regarding the modeling of FTCU, FTCUs are usually formulated as stochastic
processes, and thus power system stability affected by FTCUs is usually called
stochastic power system stability. Continuous FTCUs are usually characterized by the
continuous Wiener process [112, 113]. And discrete FTCUs are typically modeled as
the jumping compound Poisson process [114]. Since the dynamic response of the power
system is normally modeled as the differential equations, after FTCUs modeled by
stochastic processes are introduced, the differential equations of power systems will
transform into stochastic differential equations (SDEs) [115]. Authors in [116] have
proposed a systematic method for modeling stochastic power systems with SDEs.
Power systems affected by FTCUs of loads and RPGs are formulated by SDEs in [117].
In [118], the FTCUs of transmission lines and loads are considered, and power systems
under these FTCUs are formulated as SDEs. In [119], SDEs are used to model power
systems with FTCUs of WPGs. Authors in [120] have adopted SDEs to model power
systems with FTCUs of loads and WPGs. Moreover, apart from the research area of
stochastic stability analysis of power systems affected by FTCUs of loads and WPGs,
SDE:s are also used in the modeling of power systems affected by FTCUs of PVs and

electricity prices for investigating optimal control [121-123] and optimal market
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participation [124].

Regarding dynamic UPA methods, one of the most common methods is MCS,
where a large number of simulations are conducted to obtain system responses [125,
126]. Some studies conduct UPA by analyzing the mean value and variance of state
variables in the system differential equations [112, 127]. In [113], the stochastic
stability is analyzed by calculating the mean value of the small-signal stability indices.
Authors in [99] have applied the PCE to quantify the relationship between FTCUs and
transient stability indices. However, the proposed method in [99] is only applicable to
continuous stochastic processes modeled by the Wiener process and is not applicable
to discrete FTCUs. Thus, time-saving dynamic UPA methods for stochastic stability of
power systems are lacking. Also, there is a lack of uncertainty sensitivity analysis
methods for FTCUs.

Moreover, the specific choice of the timescale characterization of uncertainties is
based on focused tasks and nature of uncertainty sources. Only using STCUs to model
uncertainties will completely ignore the fast time-varying properties of some
uncertainties, resulting in inaccurate UPA results. And only adopting FTCUs will
increase unnecessary computational costs due to their complicated forms, thereby
decreasing UPA efficiency. However, since STCUs and FTCUs are based on different
methods and have different forms, general models suitable for STCUs and FTCUs are
required to conduct UQ. Additionally, apart from the time-consuming MCS, no UPA
methods are suitable for simultaneously investigating STCUs and FTCUs. Although

authors in [99] have attempted to use the approximation UPA method to deal with
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FTCUs, which greatly reduces the time cost and has the potential to be extended to deal
with STCUs and FTCUs, the proposed method is only suitable for one type of FTCUs
and thus not generic. Thus, the time-saving UPA method can tackle STCUs and FTCUs
is needed. And since the outputs of UPA methods are the inputs of uncertainty
sensitivity analysis methods, they need to match with each other. Therefore, effective
uncertainty sensitivity analysis methods suitable for STCUs and FTCUs are also

lacking.

1.2.3 Limitation Summary of Existing Studies on Uncertainty Quantification for

Frequency Stability of Power Systems

In view of the aforementioned background, the limitations of existing studies on
UQ methods for frequency stability of renewable penetrated power systems can be
summarized as follows, which are the major foci and also the issues to be tackled in
this thesis.

1) RPGs are usually simplified in UQ of PFSA, where different control strategies
and dynamics are ignored. The rationality of simplification should be discussed, and
the impact of different control strategies on probabilistic frequency stability needs to be
investigated.

2) There is a lack of UQ methods for frequency stability with a balance between
accuracy and efficiency.

3) Time-saving UQ methods for frequency stability suitable for large-scale

uncertainties are lacking.
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4) Existing UQ methods for probabilistic stability are too generic, which means
that frequency characteristics are not utilized in the methods, and thus the accuracy of
them is limited.

5) The heterogeneity and interactions of RPG uncertainties are ignored in existing
studies for UQ of PFSA, which will contribute to inaccurate UQ results.

6) Existing approximation UQ methods for probabilistic stability ignore the
relationship among multiple concerned stability indices and thus have limited accuracy.

7). There is a lack of approximation UQ methods for probabilistic stability with
multi-output structure to improve UQ efficiency.

8) Existing time-saving UQ methods for frequency stability cannot tackle
uncertainties with complicated correlations.

9) STCUs and FTCUs may be simultaneously used in UQ of power system
frequency stability. However, they cannot be simultaneously dealt with by existing
methods effectively.

10) Stability indices, system response trajectories, and the sensitivity between
stability indices and uncertainties are all concerned in UQ. However, existing UQ

methods for frequency stability do not consider them comprehensively.

1.3 Primary Contributions

Considering the limitations of existing studies summarized in Chapter 1.2.3, this

thesis proposes a series of UQ methods for power system frequency stability, the
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contributions of which are summarized as follows.

1) Considering Limitation 1, the necessity of considering the dynamics of RPGs
in PFSA is revealed by investigating the differences between considering and ignoring
the dynamics of RPGs with different control strategies, i.e., the conventional grid-
following control and VSG-based grid-forming control. The main difference is that the
existence of RPG dynamics leads to the unfixed occurrence time of frequency stability
indices, which increases the difficulty in analyzing frequency stability. (In Chapter 2)

2) Considering Limitation 2, 3, and 4, a multi-interval sensitivity (MIS) method
for calculating frequency response is proposed, which greatly reduces the calculation
time and can be applied to calculate both the system frequency and the area-level
frequency. Moreover, a multi-element LRA (MELRA) method is proposed for UPA,
which has quite a few outstanding advantages: (1) It considers different types of
frequency response trends, thereby improving the analysis accuracy for the LRA-based
methods; (2) The construction of polynomial bases in MELRA is suitable for arbitrary
distributions unlike other LRA-based methods; (3) Compared with PCE, as another
orthogonal polynomial-based method, the number of unknown coefficients of the
proposed method has a linear relationship with the number of uncertainties, rather than
a factorial relationship, so that it is more suitable for large-scale UPA. (In Chapter 2)

3) Considering Limitation 5, the necessity of considering the WEs of WFs in PFSA
is revealed based on the proposed WE model, which is ignored in the existing studies.
This model possesses many merits: (1) It only brings a slight increase in terms of the

computational time in PFSA; (2) Based on the Gaussian WE model, it comprehensively
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considers multiple types of terrain, the wind direction, and the time delay of wind flow,
which can be applied to study the impact of different factors on probabilistic frequency
stability; (3) It can be easily integrated into the frequency response models of power
systems ignoring WEs without any modifications. Thus, it is very suitable for PFSA
and realistically reflects the WEs in WFs. (In Chapter 3)

4) Considering Limitation 2, 3, and 6, a multiple output GPR (MOGPR) is
proposed to analyze the probabilistic stability of system frequency and area-level
frequency simultaneously and consider the relationship among them, which improves
the analysis accuracy and efficiency. Furthermore, since GPR-based methods only
require the sampling points of uncertainties, both MOGPR and GPR are suitable for the
correlation caused by WEs. (In Chapter 3)

5) Considering Limitation 2, 3, 7, and 8, a generic multi-output PCE (GMPCE) is
proposed to deal with correlated uncertainties that cannot be accurately characterized
by standard PDFs and to quantify the system frequency response at each time point
simultaneously. Moreover, the proposed GMPCE has other merits, including being
applicable to independent uncertainties with arbitrary probability distributions and
having sparse structure, thereby avoiding the curse of dimensionality. (In Chapter 4)

6) Considering Limitation 9, FTCUs formulated by stochastic processes are
innovatively approximated by the superposition of a finite number of STCUs
formulated by probability distribution methods, which clearly reveals the relationship
between STCUs and FTCUs and effectively transforms STCUs and FTCUs into a

general form by only using probability distribution methods. (In Chapter 5)
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7) Considering Limitation 2, 3, 9, and 10, a generic UQ method is proposed based
on the developed scalable PCE, which comprehensively integrates the modeling of
STCU and FTCU, UPA, and sensitivity analysis in a time-saving and effective manner
and analyzes stability indices, system response trajectories, and the sensitivity between
stability indices and uncertainties. In the scalable PCE, the construction of polynomial
chaos basis of uncertainties is based on the properties of orthogonal polynomials and
thus suitable for arbitrary PDFs. Moreover, sparse methods are applied to avoid the

curse of dimensionality. (In Chapter 5)

1.4 Thesis Layout

This thesis consists of six chapters. The remaining chapters are organized as
follows.

Chapter 2-Chapter 4 focus on frequency stability affected by STCU, i.e., PFSA.
Specifically, in Chapter 2, the necessity of considering the dynamics of RPGs with
different control strategies in PFSA is discussed. Moreover, the time-saving MIS
method for calculating the system and area-level frequency responses is proposed. And
the MELRA method is proposed to improve the accuracy of PFSA considering the
dynamics of RPGs.

Chapter 3 proposes a WE model of WF considering multiple factors to improve
the accuracy of uncertainty modeling. Also, MOGPR for PFSA is proposed to improve

accuracy and efficiency, which considers the relationship among stability indices of the
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system and area-level frequency responses.

Chapter 4 proposes a generic uncertainty transformation method, which can tackle
uncertainties with complicated correlations. Meanwhile, GMPCE is designed to
improve the efficiency in quantifying the system frequency response trajectories
affected by uncertainties.

Chapter 5 focuses on the frequency stability affected by STCUs and FTCUs. A
comprehensive UQ framework is proposed, where STCUs and FTCUs are formulated
and transformed in a generic form. And the frequency stability indices, frequency
response trajectories, and the sensitivity between frequency stability indices are
quantified based on the proposed scalable PCE in a time-saving manner.

Chapter 6 draws conclusions and makes suggestions for future research.
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different control strategies in PFSA.

PFSA considering dynamics of Propose a time-saving MIS method for calculating the system and ]

RPGs with different control ;
strategies (Chapter 2) area-level frequency responses.

Propose an MELRA method to improve the accuracy of PFSA
considering the dynamics of RPGs.

\/ Reveal the necessity of considering the WEs of WFs in PFSA. ]
g;ge(}:ltlggcg Sg%!lélbtys PFSA considering WEs of WFs Propose a WE model of WF considering multiple factors to
(Chapteyr 2_4)' (Chapter 3) improve the accuracy of uncertainty modeling.

Propose an MOGPR method to improve the accuracy and
efficiency of PFSA. which considers the relationship between
stability indices of the system and area-level frequency responses.

Propose a generic uncertainty transformation method to tackle
uncertainties with complicated correlations.

PFSA aiming at frequency
response trajectories (Chapter 4)

Propose GMPCE to improve the efficiency in quantifying the
system frequency response trajectories affected by uncertainties.

Propose a comprehensive UQ framework, where STCUs and
FTCUs are given and transformed in a generic form.

Frequency stability
affected by STCUs and
FTCUs (Chapter 5)

Quantify the frequency stability indices, frequency response
trajectories, and the sensitivity between frequency stability indices
based on the proposed scalable PCE in a time-saving manner.

[ Conclusions and suggestions for future research (Chapter 6)

Fig. 1.3 Illustration of thesis layout.
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Chapter 2 Probabilistic Frequency Stability Analysis
Considering Dynamics of Renewable Power Generations with

Different Control Strategies

2.1 Introduction

As stated in Chapter 1.2.3, most existing studies on PFSA ignore the dynamics of
RPGs and thus result in inaccurate analysis results, especially when the fast frequency
response of RPGs is expected. To overcome this limitation, this chapter proposes PFSA
methods that consider the dynamics of RPGs with different control strategies. The
proposed methods include MIS and MELRA for saving the simulation time and
improving the accuracy. Also, the limitations of moment-based UPA methods are

analyzed.

2.2 Multi-Interval Sensitivity for Frequency Response Considering
Dynamics of Renewable Power Generations with Different Control

Strategies

2.2.1 Control Strategies of Wind Power Generations

In this chapter, WPGs are selected as the example RPGs. Two typical control

strategies of WPGs are considered in this chapter, including the conventional grid-
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following control [32] and VSG-based grid-forming control [39], as examples. The
grid-following control strategy makes the phase angle of the bus connecting the WPG
follow the phase angle of the external grid voltage through a phase-locked loop and
controls the output current. By comparison, the grid-forming control strategy controls
the voltage of the bus connecting the WPG and contributes to the forming of a voltage-
source grid [128]. However, the following proposed method is not limited to the
example control strategies and uncertainties of WPGs. Commonly, power electronic-
interfaced WPG consists of three parts: the permanent magnet synchronous generator
(PMSG), the machine side converter (MSC), and the grid side converter (GSC) [39,
129], which is illustrated in Fig. 2.1. It should be noted that only the control strategy
of converters is considered in converter modeling. And phenomena related to
electromagnetic transient are ignored to reduce the computational complexity since the
timescale concerned in frequency stability is different from that concerned in

electromagnetic transient.
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Fig. 2.1 Configuration of grid-connected WPG: (a) Physical structure; (b)
Conventional grid-following control; (c¢) VSG-based grid-forming control.
The mechanical power P,, extracted by WPG from wind can be expressed by
[130]
P, =arR;C,(A, BV, /2 2.1)
where @ is the air density. R, denotes the radius of turbine. v, represents the wind
speed. C, (/”t, p ) is the wind energy utilization coefficient with respect to the tip speed

ratio A and the pitch angle /3, there is
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Cu(4,8)=0.5176(116/ ; —0.43—5)e*""* +0.00681 (2.2)
where A=w0,R,/v, , and @, 1s the rotor speed of WPG.
1/ 4 =1/(A+0.088)-0.035/ (5’ +1).

The motion equation of the rotor of PMSG can be expressed as [33]

Ipday, | dt =T, —Tpe (2.3)
where J, 1is the constant of inertia of the rotor. 7,, =F,,/®, denotes the
mechanical torque. 7, = P, / @, is the electromagnetic torque.

The reference signal of active power affected by wind speed variation is calculated

based on the MPPT strategy, which can be expressed as [130]

0 s Ve < Vei OF Vyy = Ve,
3
Pmppt = kmppta)pr 5 Vei < Vw < Vrat (2 1)
Bat s Viat < Vi < Veo

where V., Ve, and V. are the cut-in, furling, and rated wind speed, respectively.
P denotes the rated output power of WPG. £, is the coefficient of MPPT. B,
is the MPPT reference signal.

Thus, the variation of wind speed will affect the MPPT reference signal F,,,.. And
then, the actual output of WPG P, will change. Finally, due to the power imbalance
between the generation and loads, the frequency will be affected. Also, from Fig. 2.1
(b) and Fig. 2.1(c), the main difference between these two strategies in frequency
response is that for the VSG-based grid-forming control strategy, there is a signal of
virtual rotor speed for mimicking the rotor dynamics of the synchronous generator
(SG), thereby providing inertia support to the system and governing the output power

of WPGs. By comparison, the conventional grid-following control cannot provide

24



inertia support.

2.2.2 Frequency Response Analysis Considering Dynamics of Wind Power Generation

with Different Control Strategies based on System Frequency Response Model

The aggregated system frequency response (SFR) model [109, 131] is applied to
analyze the system frequency response, which reflects the average frequency response
of all generators after a disturbance of load-generation unbalance. And the system
frequency of the power system is usually regarded as the frequency of an equivalent
generator, i.e., the center of inertia, that can reflect the average behavior of all the
generators within the system [132]. The dynamics of WPGs are modeled as first-order
transfer functions [133], where the equivalent time constants of different control
strategies are different. And the inertia provided by VSG control is added to the system
inertia [134], while the conventional grid-following control strategy cannot provide the

inertia. The modified aggregated SFR model is shown in Fig. 2.2.

AP/ml 1
1+Tp1s G(S)
APpsl 1: 1 Afﬁ
1+Tpls 2Hs+D T
AP psNp 1 1+F, hT/S E

1+7,s

....................

1 +T}1Nps

Fig. 2.2 Aggregated SFR model considering dynamics of WPGs and different control
strategies.

In Fig. 2.2, K., R, F,, T, denote the aggregated gain of governors, governor

speed regulation, high-pressure turbine fraction, and reheat time constant, respectively.

D 1is the load damping factor. 7, is the time constant of the dynamic response of the

25



[-th WPG. AP, represents the /-th WPG output deviation after and before wind speed

changes. Moreover, system inertia H can be derived as

Ng Ny
H=0 HSw+ Y HpSp)! Sy (2.2)

c=1 =
where N is the number of SGs. H, and S, denote the inertia and the rated apparent
power of c-th SG. Ny is the number of WPGs with the VSG control. Hy.and Sy.
denote the inertia and the rated apparent power of c-th WPG with the VSG control. S,
is the system installed generation capacity without WPGs with grid-following control.

The frequency response without the WPG dynamics G(s) is

1
2Hs+D Raoy, 1+T.s
G(s)= = 2.3
() K, (1+ F,T.s) DR+K,, s* +2¢cw,5+ w; @3)
(2Hs + D)R(1+ T,s)
, DR+K, 2HR + DRT, + K, F, T,
where @, =——, ¢ = -
2HRT, 2(DR+K,)

Thus, the system frequency response Af considering the output variation of

WPGs in the s-domain can be derived as

Np 1

Af (5)=G(s),

I=1 1+TP1S

AP (). 24)

Since the dynamics are considered as first-order transfer functions, AP,,(s) can
be treated as a step signal from 0 to steady-state deviation of active power AP, .
Substituting (2.6) into (2.7), Af(s) can be transformed into

M=% AP, R 1+Ts
~ DR+ K,, (s> +2cw,5+ @)1+ Tys)s

(2.5)

The partial fraction expansion of (2.8) can be written as
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Np

Af(s) Z pisa)n s + 1o " 131 +ﬂ 2.6)
= DR+ K, s +2¢w,s+wp 1+T,us s

where 7, 72, 13, and 7, are the undetermined coefficients of partial fraction
expansion corresponding to the /-th WPG, which have no physical meaning and are
introduced for simplifying the form of the following equations.

Transforming (2.8) into a common denominator and comparing it with (2.9), 7y,

12, Na,and 7, can be derived as

-1

i Tpl 0 1 Tpl 0

M| _ 1 Ty 2¢0, 1427600 0 @.7)
N 0 1 wf 2c0,+Tyw;| |T, | '
T4 0 0 O o8 1

Transforming (2.9) from the s-domain to the time domain, the system frequency

response in the time domain Af'(¢) is

1
t

Np .
Af(l) = Z[K‘Ue_gw"t sin(a),t + @1) + K€ L 4 K3 ]ARmz
=1

. (2.8)

= Ci(1)AP,

=1
R 13 - n 2 1_ 2 r%

where oy - RO imi—co? +(-cher T Cw

(DR+ K, W1-c o,

1-¢w, ? Ray,

) =arctan—g Ol K =—Ra) Al K3 = Ol

mu—coau . (DR+K,)T, DR+K,

Moreover, it should be noted that the above relationship is not only suitable for the
frequency response considering the dynamics of WPGs with conventional grid-
following control and VSG-based grid-forming control, but also suitable for more
general scenarios, for example, considering the droop control of RPGs and uncertainties

of loads and the power loss caused by contingencies. The droop control can be
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equivalent to an addition of the first-order negative-feedback transfer function in G(s)
[134]. And the variation of load and the power loss caused by contingencies can be
equivalent to the addition of disturbance [132]. After the similar derivation presented
above, the relationship in (2.11) is still valid, and just the form of C;(¢) becomes more
complicated.

Comparing (2.11) with the frequency response without the dynamics and different
control strategies of WPGs in [131], the most significant difference is the introduction
of the second term in (2.11), and the forms of the rest two items in (2.11) have the
similar forms of those without the dynamics and different control strategies of WPGs.
This indicates that RoCoF no longer occurs at the time when wind speed changes. Thus,
to obtain frequency stability indices, the occurrence time of frequency stability indices
should be derived firstly, where the derivative of frequency equaling to 0 should be
solved. However, due to the introduction of the second term of (2.11), it becomes a
transcendental equation without an explicit solution [135]. Thus, the closed-form
relationship between frequency stability indices, i.e., RoCoF and FN/FV, and AP,
cannot be derived.

The disappearance of the closed-form relationship brings difficulties in
quantifying frequency stability indices under uncertainties. Since the second term of
(2.11) is the main difference between the frequency with and without dynamics of
WPGs, its response trend can greatly affect Af(¢). To analyze the response trend of the
second term of (2.11), AP, , AP, , ---, AP,y, are divided into two groups:

AP, >0 and AP, <0.Applying the aggregated model of the WPG [136], the second
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term of (2.11) can be transformed into

Np _1 _Lt Nps _Lt Np-

t
T, Tpe T,
E Kye " APy =e "’ E K20:APyg +€ E Ko1-AP,g- (2.9)

=1 li=1 =1

where [, and [_ are the indexes of AP, >0 and AP, <O, respectively. Np, and

Np_ denote the numbers of WPGs with AP, >0 and AP, <0, separately.

NP+ NP,
Z Tpl+K21+Aprl+ ZTpI—KZI—APpsl—
_ L=l _ L=l
Ter T Nps > Tp’ ~ Np
D K2 APy, D K AP,y
=1 I-=1

If parameters in Fig. 2.2 are selected as reasonable values [132], x» will be
negative. The derivative of (2.12) indicates that, if all AP, >0, (2.12) is
monotonically increasing with ¢; ifall AP, <0, (2.12) is monotonically decreasing;
if part of AP, 20 and the rest of AP, <0, there are situations that the derivative of
(2.12) crosses through zero. Thus, the second term of (2.11) has 4 possible types of
response trends, which contributes to 4 types of response trends of Af(¢). Therefore,

AP, is divided into 4 elements, i.e., 1) all AP, >0, 2) all AP, <0, 3)

Nps+ Np- Np+ Np-

Z:APPSZ+ ZZ| AP, |, and 4) Z:APM+ <Z| AP,y |, corresponding to different
L=1 =1 L=1 =1

response trends.
2.2.3 Multi-Interval Sensitivity for System Frequency Response

According to (2.11), based on the SFR model illustrated in Fig. 2.2, the explicit
solution of FN/FV and RoCoF no longer exists after considering the dynamics of
WPGs, which challenges the existing methods of probabilistic frequency stability

analysis. And the relationship between the deviation of system frequency from the base
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frequency Af(¢) and the steady-state output deviation of the /-th WPG after and before

wind speed changes AP,; can be expressed as:
Np
A (0)=) Ci(t)APy (2.10)
I=1

where Np is the number of WPGs. C;(¢) denotes the time-varying sensitivity.

Motivated by (2.13), if the time-varying sensitivity C;(¢) can be derived,
frequency response Af(f) with any combinations of AP, AP, ---, AP,y, can
be calculated. This will greatly reduce the simulation number of the detailed system
model in probabilistic frequency analysis. However, different from the SFR model
presented in Fig. 2.2, as a simplified model, where C;(¢) is fixed, for the actual system,
C,(¢t) may be unfixed due to the complicated interaction and the existence of nonlinear
blocks. Thus, to approximate the unfixed C;(¢#) and reflect the nonlinearity of the
actual system, MIS is proposed. The core of MIS is to divide AP,; into multiple
intervals with respect to C;(¢), suppose the sensitivity between Af(f) and AP,, in
each interval is fixed, and calculate the sensitivity in each interval to approximate the
unfixed C(?).

The calculation of interval sensitivity C,,(f) in g-th interval with respect to
AP, , can be summarized as follows.

1) Divide the range of AP,; into N; intervals. The midpoint of g-th interval is
APy g -

2) Conduct the simulation at AP,q =AP,q, and other

AP, =AP,, =---=AP,y, =0 to calculate sensitivity C,,(¢#) in g-th interval with
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respect to AP, , as
C,(t)=Af1,)/ APy, (2.11)
where Af;,(¢) is the frequency response when the system is only under the variation
of wind speed in the /-th WPG without the variation of wind speed in other WPGs.
3) Repeat Step 1)-Step 2) to calculate all sensitivities with respect to AP, ,
APy -+, APy, .

4) Based on (2.15), generate the sampling data for the UPA.

Np Nip

A2 DD Cry()]14APyy (2.12)
=1 g=1
1, AP, in g - th interval
here ,, =<7 ,
WHETE T {O, otherwise

The interval splitting of AP,; and the calculation of C;(¢) are presented in Fig.

2.3, which are the illustrations of Step 1) and Step 2) of MIS, respectively.

Cin, (O=Afi 5, (/AP N,

PDF

NG

Cio(O)=Mi2(t)/ APy 2

AP 11 AP APPS! APy,

t
(a) (b)

Ci1(H=Af1.1(t)/ AP,

Fig. 2.3 (a) Interval splitting of AP, (Step 1)); (b) Calculation of C,(¢) (Step 2)).

2.2.4 Multi-Interval Sensitivity for Area-Level Frequency Response

In power systems, when there is an active power disturbance, the disturbance will
be shared by every generator. Thus, AP, allocated to u-th SGs or WPGs with VSG

control AP, can be depicted as [22]
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ARy, = B, AP,y (2.13)
where B, is the distribution coefficient, which is only determined by system
parameters and not affected by AP,; [22]. And the area-level center of inertia is
aggregated by the generators within the area. The area-level frequency is calculated by
aggregating the generator frequency within the area, where the inertia ratio between the
generator and the area center of inertia is the aggregation weight [22, 24, 132]. Thus,

the frequency Af'“(f) of the a-th area can be calculated as

Na Na
A=Y HOND () H® (2.14)
u=1

u=1
where N, is the number of generators in the a-th area. H{® and Af,”(f) denote the
inertia and frequency of u-th generator in the a-th area, respectively.

Since Af{“(t) and AP,; has the similar relationship presented in (2.13),
substituting (2.13) and (2.16) into (2.17), the area-level frequency response can be

derived as
N, Np N,
AFO(t) =D [H®Y Ci(t)BruAPw ]/ Y H®. (2.15)
u=1 =1 u=1

Similarly, MIS can be applied to approximate the sensitivity C;(¢) in (2.18).
Thus, the approximated area-level frequency response Af“(f) based on MIS can be

derived as

Np Np Ng

Na
A OO = Y THOD D Cro()1gBruAPoy 11 Y H. (2.16)

u=1 =1 ¢g=1 u=1
It should be noted that in the actual system, where the inter-area oscillation is

considered, C;(¢) may be unfixed. And the introduction of the multi-interval in the
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proposed MIS is to cope with the scenario that C,(¢) is unfixed due to the complicated
interaction and nonlinearity. Thus, the proposed MIS with the form of (2.19) is
effective when considering inter-area oscillation. The procedure of area-level frequency

calculation considering output variations of WPGs is illustrated in Fig. 2.4.

. /'@\Z}zq.\(z.m)
%APW 7 o SG 1 | =
S, A

WPG 1
: ?AP,INNP s @ YN Eq. Ar_eal
(2 16) SG N (2.18) A

wGT 5” TR IR o — |

% é VSG 1 \ Ar:ea a

wiG v, XA‘D pol O Af %/4’
P VSG Ny Area N,

Fig. 2.4 Area-level frequency calculation considering output variation of WPGs.

2.3 Multi-Element Low-Rank Approximation for Probabilistic

Frequency Stability Analysis

2.3.1 Uncertainty Modeling of Wind Power Generation

Uncertainties of WPGs are characterized by the PDFs of wind speed variation, and
the steady-state active power after the fluctuation of wind speed is calculated based on
the MPPT strategy [130]. The PDF pc,,(.) of uncertainties &., &, -0, Enve With

correlation is modeled by the Copula function as [109]

Pcop (fcl , §c2 PI §CNC )

= 6N6Wp§”NNC (W_l(gd)’ ‘//_l (§02)7 ) l//_l (chc )) . (217)
OP(E.1)OP(E.n) - OP(Eune) H P(Eer)

where N¢ is the number of wind speed with correlation. p-,,. denotes the
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correlation matrix of &, &, -+, Eve . P(.) is the integral of p.(-). p(.) denotes the
PDF. w/(.) is the generator function of Copula, selected as the Gaussian function.
Since the input uncertainties of LRA-based methods are required to be
uncorrelated, &.,&n,:+, e should be transformed into uncorrelated ones
&, &, -+, Ene , where Cholesky decomposition is adopted [109].
E=C¢E, (2.18)
where &.,&0, -, Enve and &, &+, Ey.  are the elements of ¢ and &
respectively. C is the Cholesky decomposition matrix, which can be calculated from

P =CCT.
2.3.2 Multi-Element Low-Rank Approximation

LRA-based UPA methods apply a series of orthogonal polynomials corresponding
to the PDFs of uncertainty ¢ to approximate the relationship M (&) between the
concerned output y and ¢. In this chapter, ¢ refers to the uncertainty of WPGs and

y stands for frequency stability indices.
A Nr
y=M(&)~P=M(&)=D bw(&) (2.19)
i=1

where Ny is the rank, which is the number of rank-one function w;(¢). b denotes
the i-th normalizing weighting coefficient. Superscript » is the approximated value or
function from UPA methods. w;(&) represents i-th rank-one function of ¢, which has

the following form.
Nu  Np

wi(&) =T 24:(&))) (2.20)

j=1 k=0
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where Ny is the number of uncertainties. ¢ (&;) denotes the k-th degree univariate
polynomial basis of &;. Np is the maximum degree of ¢ (&;). z{/) represents the
coefficient of k-th degree univariate polynomial of &; in the i-th rank-one component.
Thus, the main work of constructing the LRA model is to determine b;, z,(({i) , and
¢ (S))-

1) Multi-Element Decomposition

Based on the analysis in Chapter 2.2.2, the frequency response has different
possible trends when considering the dynamics of WPGs. Thus, MELRA is proposed
aiming at suitable for the concerned output with multiple response trends. In this
chapter, the elements in MELRA correspond to the elements of WPG outputs divided
in Chapter 2.2.2.

The random space Q formed by the value range of uncertainty ¢ is divided into

Nr elements as
Ng
Q=JQ., 0% =0, n=n (2.21)
n=1

where €, is the n-th element of Q.

The indicator function Fg, is defined as

(LifEeQ,
o {O, otherwise’ 2:22)
Thus, the probability Pr(Fg,) of ¢ in €, can be calculated as:
Ny
Pr(Fa )=, , []p(&)de. (2.23)
j=1

After considering multiple elements, the form in (2.22) is transformed into
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PN =Y tFa Y T [ 240 (G (.24

It should be noted that the summation form of different elements is not the
aggregation of distinct potential trends of frequency response but the combination of
separate elements of random space, i.e., random subspaces, into a whole random space
with a concise form. And each sampled data of uncertainties only corresponds to one
trend of frequency response.

2) Construction of Polynomial Bases for Arbitrary Distributions

The conventional construction of polynomial bases is based on the Askey scheme
[97], which is only suitable for several typical PDFs. However, Weibull distribution is not
included in the Askey scheme, which is usually applied to model the uncertainty of wind
speed. Thus, a generic construction principle of polynomial bases for arbitrary
distributions based on the orthogonality of polynomial bases is proposed.

The polynomial basis ¢ (&;) can be described as
k
h(E)=2 a:lf (2.25)
g=0

where «, is the coefficient of the g-th power of ¢&;.
According to the orthogonality, there is:
[4.ENd(EDp(ENdE =0,0<v<k. (2.26)
Substituting v=0,1,2,---, k-1 into (2.29) in turns, o, a, -, can be
calculated orderly.

The above procedure can be summarized as:

(a0, a1y, e ] =07 [, 225+, ) (2.27)
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where O = (0 )ik . O = [ PENETdE 1<y, 5<k
2 ==| pENEHdE 1< v <k,

3) Computation of Undetermined Coefficients

Firstly, LHS [103] is conducted to acquire a set of samples &;.n,,) and the
corresponding ya-n,), Wwhere N, is the number of sampled data.

During the computation of undetermined coefficients b; and z{’), the correction
step and updating step are conducted in turns and stopped until the number of iterations
is greater than the threshold of iteration number or the error || yu-n,) — Ya-n) |I* is
smaller than the error threshold. In the 7-th correction step, anew w;, (&) is determined.
And in the r-th updating step, b, by, ---, b, are updated.

Correction Step: The objective of the r-th correction step is to find new w;, (&)
and minimize the residual error between sampled data and the outputs of the current
LRA model, which can be described as

wi(¢) =argmin || ya-w,) — M, (Eany) =~ o(Er) | (2.28)
where W is the space of rank-one function @. M ~1(.) 1s the LRA model with »—1
rank. To solve (2.31), alternated least-square minimization is applied [100].

Updating Step: After the r-th correction step, b, corresponding to w, (&) needs

to be calculated. Also, b, b,,---, b,-; should be updated. b, b, ---, b, are the elements

of b,, and the determination of b, can be achieved by solving the following

optimization problem

by =argmin|| yo-v) = 2 Aiwi (§ow) I (2.29)
< i=1
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4) Selection of Optimal Number of Rank and Degree

To select the optimal numbers of ranks and degrees, the leave-one-out (LOO) error
eLoo is introduced. The error of all M (&) satisfying Ng < Ngmax and Np < Nppax
is calculated, where Ngmx and Npma are the maximum of available Nz and Np,
respectively. Nz and Np corresponding to the lowest €00 are chosen as the

optimal numbers of ranks and degrees. £;00 can be calculated as [102]:

Ny
Eroo = Z(y(;) /Iy(h))z 1> a —E(a-m)))’ (2.30)
h=1 h h=1

where A, is the A-th element of A =diag(A(A"A)"'A"). wi(&) is the i-th element of
A. E(.) is the expectation operator.

To ensure the accuracy of the model, £;00 of the model corresponding to the
optimal numbers of ranks and degrees is required to be lower than the preset &.00max ;
otherwise Ngmax and Npmax Will be increased to select the numbers of ranks and
degrees meeting the error requirement.

Finally, the estimated PDF p(y) of » can be calculated based on KDE

P = (=P 86) (NiSe) (231)

u=1

where Nk is the sample number of KDE. px(.) represents the kernel function,
chosen as the Gaussian kernel. Sk is the bandwidth of KDE.
Based on Chapter 2.2 and Chapter 2.3, the overall procedure of the proposed PFSA

based on MIS-MELRA can be summarized in Fig. 2.5.
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wind power generation ones based on (2.21)
into N; intervals v

Decompose wind power generation into
Calculate sensitivity multiple elements based on (2.24)-(2.26)
based on (2.14)

| Build polynomial bases based on (2.30) |

Build the system and area-
level frequency response Compute undetermined coefficients
model based on MIS based on (2.31) and (2.32)
according to (2.15) and (2.19) v

Select optimal number of rank

and degree based on LOO
Conduct LHS to generate v
sample data based on Compute PDFs of frequency stability
frequency response model indices based on KDE in (2.34)

s B

Fig. 2.5 Overall procedure of proposed PFSA based on MIS-MELRA.

2.4 Discussion on Superiority of LRA-based Uncertainty Propagation

Analysis Methods

2.4.1 Limitation of Moment-Based Uncertainty Propagation Analysis Methods

Moment-based UPA methods (e.g., CBMs, PEMs) adopt limited moments to
obtain PDFs of uncertainties based on series expansion. However, normally, limited
moments of uncertainties can only reflect finite characteristics of uncertainties, while
PDFs contain more detailed characteristics. Due to the unequal quantity of
characteristics reflected by PDFs and limited moments, the effectiveness of moment-
based UPA methods is worth discussing. Since GMM can describe arbitrary PDFs

[137], it is applied to discuss the above issue in this chapter.
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GMM can be modeled as

Ng
Ppo(€) =Y wenGau(& | am, o) (2.32)
m=1
Ng
Za)Gm = 1, AGm 2 0, OGm > 0 (233)

m=1

where & is the uncertainty. ps (&) denotes the PDF of & modeled by GMM. gy,
Mo, and O, represent the weight coefficient, the mean, and the standard deviation
of m-th Gaussian component, respectively.

The d-th order origin moment of GMM o0g,s can be calculated as

Ng d
06d = ) W EmOGm 2.34
ad ; . ;z(d —0)/2 51 (d e)/z] HenOG ( )

where d —e is even.
Thus, the estimation of the actual PDF p(&) based on moments and GMM can

be transformed into the following nonlinear optimization problem.

[

: 2

WG, PG, O = argmin E (064 —0a)
d=1

5..(2.36)

(2.35)

where @gm, tom,and Ogn are the m-th elements of wg, pe,and 6¢. o0, is the d-
th order origin moment of p(&). No is the considered number of moments.
Also, the estimation of the actual PDF p(&) based on the shape difference of

PDFs and GMM can be transformed into

wg, fig, 66 = argmin||pc (&) — p(&)|f
s.t.(2.36) ’ (2.36)

Due to the utilization of series expansion in moment-based UPA methods, if the

limited moments of uncertainties are close, the shapes of expanded PDFs will also be
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similar. If the above relationship truly exists, within moment errors, all the feasible
solutions of (2.38) should converge around the actual values, and the shapes of
corresponding PDFs should be similar. To verify the existence of the above relationship,
we take the standard Gaussian distribution as an example. To visualize the results in 3D
space, the number of parameters should be reduced to 3. Thus, N¢ is selected as 2,
0g1 =01, and O =0g, . Parameters satisfying the first 5-order origin moments
(06a —04)* £0.05 are drawn in Fig. 2.6(a). Among the results, two PDFs with close
moments are presented in Fig. 2.6(b) as examples. The origin moments of PDFs in Fig.

2.6(b) are presented in Table 2.1.

— PDF1 — PDF2

Fig. 2.6 Estimation results of GMM: (a) Feasible values satisfying the requirement of
moment error; (b) PDFs with close moments.

Table 2.1 Comparison of origin moments

Order of moment

Ist 2nd 3rd 4th 5th
PDF1 0 1.2219 0.0333 2.9120 0
PDF2 0 1.2211 0.0338 2.9242 0

From Fig. 2.6(a), the possible values are distributed and do not converge around

the actual values. This indicates that the possible shapes of GMM are diverse, which
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can be further confirmed based on the results in Fig. 2.6(b) and Table 2.1. From Fig.
2.6(b) and Table 2.1, the moments of PDF1 and PDF2 are very close. However, the
shapes of PDF1 and PDF2 are quite different. This indicates that there is a possibility
that PDFs with close moments may have very different shapes. Moreover, the moment-
based methods calculate the moments first and then apply the derived moments to
calculate PDFs. Thus, even if the limited moments calculated by moment-based
methods are within an acceptable error range, the PDFs generated by moment-based
methods are not reliable and may be quite different from the actual PDFs.

To further investigate the relationship between the moment and shape differences
of PDFs, the values of GMM coefficients are traversed. And the scatter figure about the

moment difference and shape difference is presented in Fig. 2.7.
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Fig. 2.7 Relationship between moment difference and shape difference.

In Fig. 2.7, data are scattered, and there is no obvious approximately linear
relationship between the moment difference and the shape difference of PDF, which
indicates that the moments of PDFs with similar shapes may be greatly different, while
the shapes of PDFs with similar moments may also differ significantly. The results

suggest that the UPA methods based on finite moments have limitations to some extent.
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Since the finite moments do not fully reflect the statistical characteristics of
uncertainties, and even if the accurate results of moments can be obtained, the accuracy

of PDFs cannot be guaranteed.
2.4.2 Connections and Differences between LRA and PCE

LRA and PCE are both surrogate models based on polynomial bases. The
construction of polynomial bases is the same. However, the differences of the forms
between LRA and PCE result in LRA being more suitable for propagation analysis on

numerous uncertainties. M (&) of conventional PCE can be described as:

Npce -1

Me(&) = Z Vit (61) 4. (62) Q- Q iy, (S ), {ij|zuij£ND} (2.37)

where Npcz is the number of undetermined coefficients y,. ® denotes the tensor
product.

By comparison, (2.22) is the tensor-product form, whereas (2.40) is the expanded
form. Thus, the number of undetermined coefficients of LRA Nz, is much smaller
than that of PCE Npc; when considering numerous uncertainties since Nz and Np
are normally small. Based on (2.41), the increase of Nigs and Npce with the rise of
Ny is illustrated in Fig. 2.8(a) when Np =3. From Fig. 2.8(a) Niz4 rises linearly

with the increase of Ny, where the curse of dimensionality is avoided.

{NLRA = Nx(NpNy +1) (2.38)

Npce =(Nu + Np)!/ (Nu!Np ')
Furthermore, under the same Np, more high-order cross terms of polynomial

bases are considered in LRA, which contributes to the better performance of LRA in
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the approximation of high-order nonlinear relationships. The order combinations of

polynomials are presented in Fig. 2.8(b) when Np =3, Ny =3.

(o}
2 320 LRA 0 © o |OLRA
8 PCE 3 % of * PCE
g 240 o
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) 3
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(@) (b)

Fig. 2.8 Differences between LRA and PCE: (a) Number of undetermined coefficients

corresponding to Ny ; (b) Order combinations of polynomials.

2.5 Case Study

2.5.1 Case 1: IEEE 68-Bus Benchmark System

1) Example System

Numerous results are conducted in the IEEE 68-bus benchmark system [22] based
on the detailed models of WPGs illustrated in Chapter 2.2.1 and the power system. The
full-order governor model with a limiter is applied [132]. The system is divided into 5
areas based on the geographical location [138]. The parameters of different control
strategies refer to [30, 39]. The line diagram and the parameters of uncertainties are
presented in Fig. 2.9 and Table 2.2, respectively. It should be noted that the sudden
changes of wind speeds are regarded as uncertainties, which is a relatively common
phenomenon in reality. And to ensure that the uncertainty settings in case studies are

similar to the actual situation, the random degree of wind speed change in case studies
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is set to a similar level of the measurement in [139].
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Fig. 2.9 Line diagram of IEEE 68-bus system with uncertainties.

Table 2.2 Parameters of uncertainties in Case 1

WPG No. Control strategy Parameters

W1, 2 Normal, VSG  Weibull(2.5,4.5,4), ps =0.7

W3, 4 Normal, VSG Weibull(2, 5, 3.5), pz =0.5

W5,6  Normal, VSG Weibull(2.5, 2.4, 4)
W7,8  Normal, VSG Weibull(2, 3, 3.5)

2) Validation of Probabilistic Frequency Stability Analysis

The performance of the proposed MIS is verified first. Sensitivity analysis of
calculation error of FN/FV and RoCoF based on MIS with respectto N; is conducted,
where mean absolute percentage error (MAPE) [111] is selected as the evaluation
indicator. The results of sensitivity analysis are presented in Fig. 2.10(a), where the

MAPE units of FN/FV and RoCoF are 107 % and %, respectively.
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Fig. 2.10 Performance of MIS: (a) Sensitivity analysis of N;; (b) Comparison of

actual system frequency response and that calculated by MIS when N,;=2.

From Fig. 2.10, both the MAPE of FN/FV and that of RoCoF are small when N,
is set as different values. Moreover, MAPEs of FN/FV and RoCoF decrease with the
increase of N;. The results of the sensitivity analysis demonstrate the high accuracy
of the proposed MIS. Also, though the larger value selection of N; will obtain more
accurate results, the number of simulations will linearly increase with N,
simultancously. Thus, a relatively small value selection of N; will utilize the
advantage of MIS in reducing the number of simulations more sufficiently. And N; is
selected as 2 not 1 in the following case studies for enabling the MIS to characterize
the nonlinear relationship between the frequency response and the output power of
WPGs. Moreover, the actual system frequency response and that calculated by MIS
when N;=2 are drawn in Fig. 2.10(b), where all wind speeds change to 6m/s as an
example. Two frequency trajectories almost overlap, which illustrates that setting N;
as 2 can serve the purpose of accurate calculation.

The performance of the proposed MIS-MELRA is compared with cumulant-based

Gram-Charlier expansion [27] (CGCE), PCE, and LRA. The expansion order of CGCE
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is selected as 8 [27]. The expansion order of PCE is chosen as 4 [97]. The rank and
degree of LRA are 1 and 4, respectively [102]. The parameters of MIS-MELRA are set
as: Nemax =2, Npmx =4, and &100ma =107 . The number of sampling data of PCE,
LRA, and MIS-MELRA is 200 [100]. MCS considering the dynamics of WPGs
(denoted as MCS-DR) is conducted 5000 times [21], and the results are regarded as the
baseline. Also, MCS without the dynamics of WPGs (denoted as MCS-NDR) is carried
out. The simulation time 75, method execution time /), and total time 77 of different
methods are presented in Table 2.3.
Table 2.3 Time comparison of different methods in analyzing FN/FV and RoCoF in

Case 1

Time Index ts (s) tu (s) tr (s)

MCS-NDR  42889.01 - 42889.01
MCS-DR 44256.15 - 44256.15
CGCE 70.65 0.72 71.37
PCE 1.49 1771.64

1770.15
LRA 0.66 1770.81

MIS-MELRA  146.65 4.80 151.45

From Table 2.3, since the detailed model of WPGs is not considered in MCS-NDR,
tr of MCS-NDR is less than that of MCS-DR, but both of them are time-consuming.
Besides, from the perspective of #),, CGCE is the fastest, while MIS-MELRA takes
the longest time due to the more complex calculation process. However, 7, only takes
a small amount of 77, which mainly depends on 7#s. By comparison, CGCE only needs

Ny simulations, leading to it being the most time-saving method. Although PCE, LRA,
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and MIS-MELRA need 200 simulations, only the N;Ny simulations of the actual
system are conducted to obtain (2.15) in MIS-MELRA. And most simulations are
carried out based on (2.15), which makes MIS-MELRA save much #s compared with
other surrogate models.

Furthermore, the PDF results of FN/FV and RoCoF are presented in Fig. 2.11,
respectively. The shape differences of the corresponding PDFs are illustrated in Table 2.4.
The shape difference is defined as the Euclidean distance between the actual PDF p())
and the estimated PDF p(J) same as (2.39), i.e., ||[p(y)— p(D)||. For saving space, only
the results of Area 1, Area 2, and system are presented. d. is the shape difference of
PDF. The FN/FV and RoCoF of frequency in Area a are denoted as F4, and Ry,

respectively. The FN/FV and RoCoF of system frequency are denoted as F,; and R, .
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Fig. 2.11 PDF of FN/FV and RoCoF in Case 1: (a) FN/FV of Area 1; (b) FN/FV of Area

2; (c) FN/FV of system; (d) RoCoF of Area 1; (¢) RoCoF of Area 2; (f) RoCoF of

system.
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Table 2.4 Performance of different methods in analyzing FN/FV and RoCoF in Case 1

Shape difference  dr, dr, dr, dr, dr, dr,
CGCE 2.07 2.06 2.06 8.13 7.25 5.83
PCE 1.53 1.52 1.50 8.08 7.19 5.82

LRA 1.52 1.51 1.50 8.11 7.20 5.88

MIS-MELRA 093 095 0.96 4.01 3.73 3.27

As presented in Fig. 2.11, there are two peaks of FN/FV and RoCoF PDFs based
on the results of MCS-DR. By comparison, shapes of PDFs of FN/FV and RoCoF under
MCS-NDR are approximated one-peak and have fatter tails. The reason is that when
ignoring the dynamics of WPGs, the injected power from WPGs will not change gradually
but suddenly, leading to a bigger deviation of frequency, FN/FV, and RoCoF. Moreover,
when ignoring the dynamics of WPGs, if the sum of the steady-state output power of
WPGs after the variation of wind speed is close to 0, the deviation of frequency will also
be close to 0. However, since WPGs have different dynamics, the sum of the output power
of WPGs is not close to 0 from the moment when wind speed changes to the end of the
dynamic process, which contributes to the occurrence of two peaks in the PDFs of FN/FV
and RoCoF. This indicates the necessity of considering the dynamics of WPGs in PFSA.

Furthermore, from Fig. 2.11 and Table 2.4, compared with PDFs of other methods,
the PDFs from MIS-MELRA have the highest similarity with the PDFs from MCS-DR
in both FN/FV and RoCoF. After MIS-MELRA, the performance of LRA is slightly
better than that of PCE. The performance of CGCE is the worst since CGCE is based on
the premise that there is a proportional relationship between AP,, and FN/FV or

RoCoF, which does not exist based on the analysis in Chapter 2.2.2.
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Moreover, a risk assessment matrix (RAM) can be formed based on the results in
Fig. 2.11 to calculate the occurrence probability of the frequency instability risk, which
are presented in Table 2.5 and Table 2.6, where ‘Red’, ‘Yellow’, and ‘Green’ region
represent ‘High Risk’, ‘Medium Risk’, and ‘Low Risk’, separately [21]. The
classification criterion used in Table 2.5 and Table 2.6 is according to the operational
limit and statutory limit of frequency stability indices in the industry standard [140].
Results listed in the row of “‘MCS-DR’ are the occurrence probability of the frequency
instability risk, while results listed in the row of rest methods are the absolute errors
(AEs) between the occurrence probability calculated by different methods and that from
MCS-DR. The mean absolute errors (MAEs) of different methods are shown in the last
column to present the overall accuracy of different methods. The units of results shown

in Table 2.5 and Table 2.6 are %.
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Table 2.5 RAM in analyzing FN/FV in Case 1

FN/FV (Hz) MAE
MCS-DR 341 1815 32.04 2157 24.82 -

CGCE 3.94 1.29 130 0.0l 3.94  2.10

Area 1 PCE 0.86 083  0.68 129  0.63 0.87

LRA 0.61 1.36 1.25 1.07 057 097

MIS-MELRA  0.19  0.35 044 015 043 0.31
MCS-DR 339 1813 3211  21.56  24.80 -

CGCE 3.95 1.59 1.58  0.01 3.93 2.21

Area 2 PCE 087 088  0.64 126 0.63 0.87

LRA 0.61 1.34 1.21 1.05 057 096

MIS-MELRA 0.18 028 054  0.19 044 033
MCS-DR 334 1806 3226 2159 24.74 -

CGCE 4.01 1.53 1.41 0.03 386 2.16

System  PCE 085 082  0.59 1.23 0.61 0.82

LRA 0.65 1.31 1.11 .02 057 093

MIS-MELRA 0.18 026 055 020 044 033
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Table 2.6 RAM in analyzing RoCoF in Case 1

ROCOF (Hz/s) -0.5~-0.4 0.4~0.5 MAE
6.03

MCS-DR 0.00 0.36 88.82 4.79 -
CGCE 0.28 0.71 2.17 1.71 1.46 1.26
Area 1 PCE 0.81 1.03 5.32 0.25 3.24 2.13
LRA 0.10 0.55 1.67 0.06 1.08 0.69

MIS-MELRA  0.00 0.08 1.13 0.07 0.97 0.45

MCS-DR 0.00 0.14 90.26 5.66 3.95 -

CGCE 0.14 0.67 2.37 1.83 1.36 1.27
Area 2 PCE 0.37 0.46 3.12 0.41 1.90 1.25
LRA 0.03 0.33 1.19 0.01 0.83 0.47

MIS-MELRA  0.00 0.01 0.95 0.13 0.81 0.38

MCS-DR 0.00 0.06 91.43 5.24 3.27 -

CGCE 0.09 0.57 2.09 1.65 1.10 1.10
System PCE 0.01 0.19 2.34 0.61 1.53 0.94
LRA 0.02 0.24 1.48 0.15 1.07 0.59

MIS-MELRA  0.00 0.02 0.86 0.13 0.71 0.34

From Table 2.5 and Table 2.6, the estimation error of MIS-MELRA is not the
smallest at all levels. The reason is that the inaccuracy of other methods is mainly
presented in the estimation of PDF at the middle region, while there are the stability
ranges of frequency indices located at the tail of PDFs, which weakens the negative
impact of the PDF estimation error on frequency stability risk assessment. Thus, it
should be acknowledged that there exists a small possibility that the estimation error of
MELRA may be slightly greater than those of other methods when the stability level of
frequency indices is located at the tail of PDFs, and the interval of stability level is

narrow, for example, 50.2~50.5Hz of FN/FV and 0.4~0.5Hz/s of RoCoF. However,
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even in this scenario, the AEs of MIS-MELRA are still small, with the maximal AE of
0.20%. And in the rest scenarios, the estimation errors of MELRA are the smallest.
Moreover, from the perspective of overall accuracy, MIS-MELRA presents the highest
accuracy in the risk assessment of both FN/FV and RoCoF with the maximal MAE of
0.45%. After MIS-MELRA, the accuracy of LRA is better than that of PCE, with the
maximal MAE of 0.97% and 2.13%, respectively. And CGCE has the highest
estimation errors. Additionally, it should be noted that a relatively high error of
probabilistic frequency stability analysis may result in a conservative stability
enhancement strategy, thereby increasing the reserve cost. Thus, estimation errors are
expected to be as small as possible. Although all methods compared in the case studies
have errors, according to the existing studies [21-24], the AE in estimating RAM is
generally lower than 5%. By comparison, the estimation error of MIS-MELRA is lower

than it, the accuracy of which is acceptable.

2.5.2 Case 2: Industrial Provincial Large-Scale Power System

To verify the performance of the proposed MIS-MELRA in the industrial large-
scale power system, a practical provincial system at the East China is adopted. The
practical system is divided into 2 areas according to the geographical location of power
grids of 2 provinces, including 1958 buses, 840 loads, 56 SGs, 3260 branches, and 14
WPGs according to actual real-world data. The uncertainty parameters of WPGs and

the structure diagram of the system are presented in Table 2.7 and Fig. 2.12, respectively.
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Table 2.7 Parameters of uncertainties in Case 2

WPG No. Control strategy Parameters
W1, 2 Normal Weibull(2.5,4.5,4), pz =0.7
W3, 4 Normal Weibull(2, 3, 3.5), pz =0.5
W5, 6 VSG Weibull(2.5,4.5,4), pz =0.7
W7,8 VSG Weibull(2, 3, 3.5), pz =0.5
W9,10  Normal, VSG Weibull(1.5, 2, 4)
WI11,12  Normal, VSG Weibull(2, 5, 5)
W13,14  Normal, VSG Weibull(1.5, 3.5, 5)

Fig. 2.12 Structure diagram of provincial large-scale power system.
The performance of the proposed MIS-MELRA is compared with CGCE, PCE
with the sparse method and hyperbolic truncation (denoted as SPCE) [141], and LRA
since conventional PCE encounters the curse of dimensionality in Case 2 due to the

increase of uncertainty number compared with Case 1. Parameters are set to be the same
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as those in Case 1. The time costs of different methods in analyzing the frequency
stability indices are compared in Table 2.8.

Table 2.8 Time comparison of different methods in analyzing FN/FV and RoCoF in

Case 2

Time Index ts (s) tu (s) tr (s)
MCS-NDR  142537.66 - 142537.66
MCS-DR 150672.40 - 150672.40

CGCE 421.12 0.92 422.04

SPCE 1.90 6026.74

6024.84
LRA 0.74 6025.58

MIS-MELRA 850.93 4.83 855.76

In Table 2.8, the time costs of methods are similar to the results in Case 1. More
specifically, CGCE is the most time-saving method. MIS-MELRA is the second. And
due to the introduction of MIS, much simulation time is reduced in MIS-MELRA
compared with LRA and SPCE. Moreover, f); does not experience a significant
increase with the rise of the uncertainty number. The results demonstrate the time-
saving advantage of LRA-based methods in large-scale UPA. Additionally, it should be
noted that there is an approximately proportional relationship between #r of MIS-
MELRA and Ny since ts ®tssN;Ny accounts for the major proportion of #7, where
tss 1s the time cost of a single simulation of the actual system. Thus, MIS-MELRA will
cost more time than SPCE and LRA when Ny >100. However, Ny >100 is not
common in the existing studies on probabilistic frequency stability analysis since it is

a common practice that uncertainties are aggregated to reduce system complexity [6,
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21-24]. Also, MIS for reducing the time cost and MELRA for improving the accuracy
are separate methods. Even if Ny >100, MELRA can be used individually to analyze
probabilistic frequency stability with higher accuracy and almost the same time cost of
SPCE and LRA.

Next, the PDFs of frequency stability indices are shown in Fig. 2.13. The shape
differences of the corresponding PDFs are displayed in Table 2.9. Also, the RAM is
formed based on the results in Fig. 2.13, presented in Table 2.10. Since the risk
probability of RoCoF in the range of -0.4~0.4Hz/s is 100%, only the RAM of FN/FV

is presented for saving space.
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Fig. 2.13 PDF of FN/FV and RoCoF in Case 2: (a) FN/FV of Area 1; (b) FN/FV of Area
2; (c) FN/FV of system; (d) RoCoF of Area 1; (¢) RoCoF of Area 2; (f) RoCoF of

system.
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Table 2.9 Performance of different methods in analyzing FN/FV and RoCoF in Case 2

Shape difference dr, dr, dr, dr, dr, dg,
CGCE 3.83 3.87 3.85 17.1214.53 13.85
SPCE 3.64 3.77 3.66 10.03 8.47 &.10
LRA 3.60 341 3.41 10.56 9.07 8.45

MIS-MELRA 1.51 1.54 1.53 3.46 4.19 4.48

Table 2.10 RAM in analyzing FN/FV in Case 2

FN/FV (Hz) MAE
MCS-DR 053  31.16 63.62  4.62 0.08 -

CGCE 0.38 1.86 0.45 1.73 0.06 0.90

Area 1 SPCE 0.20 0.86 0.24 0.77 0.05 0.42

LRA 0.14 0.12 0.70 0.90 0.05 0.38

MIS-MELRA  0.07 0.11 0.24 0.11 0.04 0.11
MCS-DR 053  31.14  63.63  4.62 0.08 -

CGCE 0.43 2.44 0.99 1.82 0.06 1.15

Area 2 SPCE 0.22 1.11 0.46 0.81 0.05 0.53

LRA 0.11 0.13 0.74 0.93 0.05 0.39

MIS-MELRA  0.07 0.02 0.16 0.12 0.04 0.08
MCS-DR 053 3113 63.64  4.62 0.08 -

CGCE 0.40 2.02 0.62 1.74 0.06 0.97

System  SPCE 0.16 0.99 0.26 0.84 0.05 0.46

LRA 0.11 0.14 0.74 0.92 0.05 0.39

MIS-MELRA  0.07 0.05 0.18 0.11 0.04 0.09

From Fig. 2.13, there are significant differences between the PDFs obtained by

MCS-NDR in both FN/FV and RoCoF and those from MCS-DR. Also, the PDFs

calculated by MIS-MELRA have the highest similarity with the PDFs from MCS-DR

in both FN/FV and RoCoF. After MIS-MELRA, the accuracy degrees of estimated
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PDFs from SPCE and LRA are similar, and that of CGCE is the worst. Moreover, owing
to the high PDF similarity, MIS-MELRA has the lowest estimation errors at all levels
of frequency risk in RAM, as illustrated in Table 2.10. Regarding the overall accuracy,
the maximal MAE of MIS-MELRA is 0.11%. By comparison, those of LRA, SPCE,
and CGCE are 0.39%, 0.53%, and 1.15%, separately. Thus, the results indicate the high

accuracy advantage of the proposed MIS-MELRA in large-scale UPA.

2.6 Summary

This chapter proposes methods of PFSA that consider the dynamics of RPGs with
different control strategies. Firstly, the MIS method is proposed to simulate the
frequency response, thereby significantly saving the simulation time. Then, the
MELRA method for UPA suitable for large-scale uncertainty analysis is proposed. And
the introduction of multi-element effectively improves the accuracy. In addition, by
applying the GMM, the limitations of moment-based UPA methods are discussed,
demonstrating the comparative superiority of the proposed method. Also, the necessity
of considering the dynamics of RPGs in PFSA is revealed by analyzing the differences
between frequency responses with and without dynamics of RPGs using different
control strategies. The results of case studies demonstrate the effectiveness of the

proposed methods.
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Chapter 3 Probabilistic Frequency Stability Analysis
Considering Wake Effects of Wind Farms

3.1 Introduction

Most existing studies on probabilistic frequency stability affected by WPG
uncertainties ignore the heterogeneity and interactions of WTs inside WFs, i.e., WEs,
which will lead to inaccurate results. This chapter proposes a method of PFSA
considering the WEs of WFs. Also, an analytical WE model considering different
factors and suitable for PFSA is proposed. Moreover, the impact of different factors on

WESs and probabilistic frequency stability is studied.

3.2 Wake Effect Model of Wind Farm Considering Multiple Factors

for Frequency Response

3.2.1 Wake Effect Model of Wind Farm Considering Multiple Factors

1) Basic WE Model

The WE of WT based on Gaussian WE model is shown in Fig. 3.1.
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Fig. 3.1 WE of WT based on Gaussian WE model.

In Fig. 3.1, v, isthe incoming upstream wind speed. v, is the downstream wind
speed in the wind direction, which is lower than v, due to the WE of WT. (x,, v, &)
and (x4, va, ha) are the positions of the upstream and indicated downstream WTs
separately. D, is the diameter of the upstream WT blade.

According to the mass and momentum conservation, there is

[ pve(vi =vi)dS = CrpS,2 /2 3.1)
where p istheair density. S denotes the cross-sectional area of the wake. Cr is the
thrust coefficient of the WT. S, denotes the area swept by the WT blades, which has
the following relationship with the cross-sectional area of the wake just after the initial

wake expansion S [53]

S, =aS, (3.2)

where a =(1++1-Cr)/(21-Cr).
The Gaussian WE model assumes that the wind speed deficit has a Gaussian shape
[53]. Thus, the normalized downstream wind speed deficit d, can be expressed as
dyw=—va)/vi=g(xs—x,)e" (3.3)
where A=[(ys—y.)* +(ha—h,)*]/(2D;o7) . 0. denotes the width of the wake.
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g(.) is the function of wind speed deficit at each downstream location at the center of
the wake.
Thus, the downstream wind speed v; can be expressed as
va =[1-g(xs —x,)e . (3.4)
Substituting (3.4) into (3.1), there is
8(o. /D) g(xs —x,)* =16(c, / D) g(xs —x,)+Cr =0. (3.5)
Solving (3.5) and taking the solution in line with the actual situation, g(.) can be

derived as

gt —x)=1-1-Cr /[8(c / D, )*]. (3.6)
Usually, the wake region is regarded as the linear expansion. Thus, o, /D, can
be expressed as
ow/! D, =k,(xa —x,)+&w (3.7)
where k, is the wake region growth rate. &, = 0.25va [53].

Substituting (3.6) and (3.7) into (3.4), v; can be derived as

Vo =[1=(1=1=Cr / {8lkw(xs =X, )+ &, P e * . (3.8)
2) Considering Terrain
In the basic Gaussian WE model, the impact of terrain is ignored. According to the
Lissaman model [59], the nature wind speed varies at different heights, which can be
described as
Van IV = (ha | B,) (3.9)
where Vg, is the nature wind speed at height /, ignoring the terrain. y is the

coefficient of wind speed variation with height.
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Also, according to the lossless Bernoulli equation, the relationship between the
wind speed deficits corresponding to different wind speeds can be described as [54]
dy ! dun = v.) (3.10)
where d,, is the normalized wind speed deficit corresponding to Vv, .
Moreover, after considering the airflow of different terrains, the nature wind speed
Van at height h; can be expressed as [142]

Van =+ H | Le """ )y}, (3.11)
where H and L are the height and length of the terrain, separately. ¢ and ¢, are
the airflow coefficients of different terrains.

Apart from the flat terrain, three complex terrains are included in this WE model,

which can be formulated as [142]

H/(1+x2/L*),Ridge
he =4 He ™20¥+%VF Circular hill (3.12)

H[1+cos(z+xZ + yZ /(2L))]/ 2, Rolling terrain

where (x.,V.,h.) is arelative position from the terrain center.
Substituting (3.9)-(3.12) into (3.8), the WE considering the terrain can be

expressed as

7 :[1—(1—\/1—6’7 /{8[kw(xd _xu)+gw]2})'

(3.13)
e (hy ] 1) 1(ha | B ) V.

3) Considering Wind Direction
When the wind direction changes, the relative position of the WT changes, and the
original upstream WT may become a downstream WT. Therefore, it is necessary to

convert the relative position of the WT from its geographical location to its relative
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position along the wind direction. Assume that the angle between the wind direction
and the positive direction of the x-axis on the x-y plane is 6,,, and the angle between
the wind direction and the positive direction of the y-axis on the y-h plane is 6,,. The
conversion between the position of WTs in the wind speed coordinate system

(X, Vw, h,w) and the position in the geographic coordinate system (x, y, k) is [50]

(Xw, ywa hw) = (xa y.a h)T;/hRy (314)
1 0 0 cosf,, —sinf, 0
where T,, =| 0 cos@,, —sinb,, |. T, =| sin6,, cosd, 0.
0 sinf,, cosB,, 0 0 1

Substituting (3.14) into (3.13), the WE considering the wind direction can be

derived as

Vi =[1= (1= 1= Cr / {8[k(Xaw — Xun) + &0} -
e (hy | ha ) 1ha | h) v

(3.15)

where A, is A calculated in the wind speed coordinate system.

4) Considering WEs of Multiple Upstream Wind Turbines

The above WE model only considers the WE of one upstream WT on the wind
speed of downstream WT. In reality, all upstream WTs affect the downstream wind
speed, and the downstream wind speed deficit is the superposition of the WEs of all

upstream WTs, which can be described as [55]

Va =Van (1= fidij) (3.16)

where N, is the number of upstream WTs.
Substituting (3.15) into (3.16), the WEs considering multiple upstream WTs can

be derived as
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N i{[(l—Jl—cT/{8[kw(xdw—xuw,»)+ew]2})- (3.17)
j=1 e (huj /hd)zy](hd /huj)}lvuj}2

where 4,, isthe A, of j-th upstream WT.

5) Considering Time Delay of Wind Flow

Since WFs usually cover large geographic areas, it may take an unignorable time
period for the wind to pass through WFs. If there is a wind speed change at time ¢
from the upstream position, the downstream wind speed v,(¢f) will change
correspondingly after a time delay 7 rather than simultaneously. Thus, v,(f) is
calculated based on the wind speed at ¢—17, and the time delay can be determined by
the integral of the downstream distance divided by the wind speed, i.e., 7= J:dw 1/ vydx
[50]. Thus, after considering the time delay of wind flow and WEs, the wind speed can

be expressed as

o LA =1=Cr / (8T (= Xuy) + £ T})-

Va(t) =va,(t—7)— ;e_m (%)27](2_‘1)7\;”/ (t—-1)}°

(3.18)

3.2.2 System and Area-Level Frequency Response

In this chapter, WTs adopt PMSGs as examples. The power electronic-interfaced
PMSG includes three parts: the PMSG, the MSC, and the GSC [33], as presented in
Fig. 3.2(a). MSC and GSC controllers are shown in Fig. 3.2(b), where the droop control
is flexibly equipped as the additional frequency regulation control for WTs. Also, the
primary frequency regulation for SGs and automatic generation control (AGC) are
considered [143], as shown in Fig. 3.2(c). The area-level frequency is determined by

the frequency of SGs within the area, which can be calculated as [22]
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Neg Neg
ﬁli:Zqu sq/szq (319)
q=1 q=1

where f,; is the frequency of the i-th area. N, denotes the number of SGs in the i-th
area. H,, and f;, are the inertia and frequency of the ¢g-th SG, respectively.

From Fig. 3.2, the variation of nature wind speed will change the received wind
speed of WTs in WFs in different degrees due to WEs, which will lead to the output
power variations of WTs according to MPPT. Thus, the power imbalance will occur and
result in the speed regulation of SGs, thereby affecting the frequency. Similarly, the
system frequency f;, is determined by the area-level frequency, which can be

calculated as
Na Na
Sos =D Haifur ! D Ha (3.20)
i=1 i=1

where N, denotes the number of arecas. H, and f,, are the inertia and frequency of
the i-th area respectively.

Additionally, from Fig. 3.2, the proposed WE model and the frequency response
of power systems are calculated individually, where the WE model outputs are the
inputs of the power system model. Thus, this WE model can be easily integrated into

PFSA without any modifications to the power system model ignoring WEs.
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Fig. 3.2 (a) WF model; (b) Control strategy of WT; (c) System and area-level

frequency response.

3.3 Multiple Output Gaussian Process Regression for Probabilistic

Frequency Stability Analysis

3.3.1 Multiple Output Gaussian Process Regression
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GPR-based UPA adopts a reduced model M(.) to describe the relationship
between the uncertainties & ={&,} and the concerned system response z={z,},
where &, is the r-th sampling point of /-th uncertainty, and 2z is the 7-th observation
point of b-th output, where »=1 in conventional GPR. In this chapter, & is the wind
speed, and 7 is the frequency stability index.

r =M +e (3.21)
where superscript * denotes the estimated output by GPR-based method. €& is the error
from the observation of z, which follows Gaussian distribution & ~ N (0, c7I) with
the standard deviation of .. I is the identity matrix. M(&) is the Gaussian process
(GP) defined by the mean 71 and the covariance kernel function R(&, £;0) as [103]

M(E)~GP(m, k(& &:0)) (3.22)
where @ are the parameters of the kernel function.

It should be noted that GP is used to characterize the sampling points of
uncertainties and the observation points of the corresponding frequency stability index
rather than uncertainties and corresponding frequency stability index themselves. Thus,
GPR does not require that uncertainties and corresponding frequency stability index
have to follow Gaussian distributions and is suitable for arbitrary distributions. It can
be seen in (3.21) that conventional GPR has only one output. However, both system
frequency and area-level frequency are concerned and need to be analyzed in
probabilistic frequency stability. If conventional GPR is applied to analyze them,
multiple GPR models will be built, which is time-consuming. Moreover, there are

implicit relationships among system and area-level frequency responses. One of the
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obvious relationships is that the system frequency is the weighted average of area-level
frequency, as shown in (3.20). However, building individual GPR models will not
consider these relationships and may lead to inaccurate PFSA results. Thus, to quantify
the probabilistic system frequency and area-level frequency simultaneously and
characterize the implicit relationships among them, thereby improving accuracy and
efficiency, MOGPR suitable for PFSA is designed.

1) Model Construction of MOGPR

Motivated by the combination relationship of frequency presented in (3.20), N,
outputs M(E) =[M,(&), -, My, (£)]" are designed similarly to be formed by the
combination of N, latent factors U(E)=[U (&), -, U, (E)] ~GP(M, R(E, &;0))
modeled by GP as [144]

M.(c_f) a-” al.NI U {5)

: =| .o : (3.23)
My, (&) an, -+ an,n || U (€)

where a. is the element of coefficient matrix A.

From (3.23), the connection of all outputs is established by the introduction of
U(£), and the implicit relationship among outputs is reflected in A . Thus, the
proposed MOGPR for PFSA can reflect the relationship between the system frequency
and the area-level frequency. Applying a, =[ai,---,ay,, |’ to represent the n-th

column vector of A4, the covariance of outputs can be calculated as
C(&. &) = ELME) M(E) |- B[ MG TM(E)]
=S aa O E[U, () (©)]- Elu, @@l (324
At (. £:6)
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Thus, the joint prior distribution of the observed system outputs Z;
corresponding to the sampling points of uncertainties & and M(&,) corresponding

to the points of uncertainties to be analyzed &, is

Z, m, | | A4 @ K+l AA" ® K,
[M(f;)} N([m“ AA” ® K, AAT®5CMD 3.23)

where M, and M, are the means corresponding to M(&) and M(E,)
respectively. K. denotes R(&,, &.;0).
Thus, the posterior mean 772,, and covariance K, of M(&,) can be derived

as

M, =m, +(A4" @ K,,)-

(AA" @ K. + o2 1) ' (Z, —m,)
Kpee = Kee —(AA" @ Koy)-

(AA” ® Ko + 021) (AA” ® K,.)

(3.26)

2) Calculation of Undetermined Coefficients

According to (3.26), @ and A are undetermined, which need to be calculated.

According to the Bayesian theorem, there is

PO, A|Z,,¢)= p(Z|¢:,0,4) p0,A) p(Z,|¢) (3.27)

where p(0, A| Z,, &) is the posterior probability of @ and 4. p(Z|¢&,, 0, A)
denotes the likelihood function. p(@, A) is the prior probability of € and A4 .
P(Z,|&) denotes the evidence.

The optimization of @ and A is equivalent to maximizing p(@, A| Z;, &),
i.e., maximum likelihood estimation. Since p( Z; |&;) is fixed when Z; and & are
given, and p(@, A) is known in advance, p(@,A4|Z,,&) is proportional to
P(Z,| &, 0, A). For the convenience of calculation, the optimization objective L is
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transformed into minimizing the —log p(Z; |, 0, A) as

L=-log p(Z &, 0, A)
=ZI (44" @ K, +cl)Z, /2 (3.28)
+log| AA” ® K. +c2I |/2+ N, log2x /2

where N, is the number of sampling points &;.

In summary, MOGPR M(&;0, A) approximates the relationship between
uncertainties and frequency stability indices with the sampling points of uncertainties
as inputs and those of frequency stability indices as outputs in the form of (3.25), which
is a regression task. To calculate the undetermined coefficients & and A in (3.25),
maximum likelihood estimation is adopted, which can be transformed into minimizing
(3.28). After @ and A are calculated, MOGPR can be used to estimate frequency
stability indices corresponding to the points of uncertainties to be analyzed &,, which
are M(&,;0, A) with the highest probabilities, i.e., M, , in the form of (3.26).
Additionally, in this paper, L-BFGS is used to solve (3.28). And to improve the

sampling efficiency, LHS [103] is applied to acquire & .

3.3.2 Probabilistic Frequency Stability Analysis

In PFSA, the PDFs of frequency stability indices are primarily concerned. RoCoF
FSIz and FN/FV FSIr are typical frequency stability indices, which are considered
in this chapter as the example indices. And after the MOGPR is constructed, the data
of estimated frequency stability indices M, when the system is under the sampling
points of uncertainties & can be directly calculated according to (3.26). Then, to

estimate the closed-form PDFs of frequency stability indices based on the data m,,,
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KDE [103] is adopted, which is a nonparametric method using the kernels

corresponding to data as components to form PDFs and can be formulated as
Ne
P (2) = pxl(Zs =Myt ) | 5551/ (NS (3.29)
r=1

where N, is the number of data &,. M, denotes the r-th sampling point of M,
corresponding to b-th output. pg[.] denotes the kernel function of KDE, which is
selected as the Gaussian kernel, i.e., px[(2o — My )/ Oks] =€ @)% - 5y is
the bandwidth of kernels.

Moreover, apart from PDFs, the RAM [21] is also concerned in PFSA, which is
used to assess the occurrence probability of the frequency instability risk. In this chapter,
frequency stability risk regions are partitioned as ‘Low Risk’ marked in green, ‘Medium
Risk’ marked in yellow, and ‘High Risk’ marked in red, according to the industry
standard [140]. Based on the derived PDFs, the probability of the system in different
risk regions Pr(.) can be estimated as

PG <50 < o) = [, P (o) (3.30)
where ymin and Fumax  are the upper and lower bounds of m-th risk region,
respectively.

According to Chapter 3.2 and Chapter 3.3, the proposed PFSA method considering

WEs of WFs can be summarized in Fig. 3.3.
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Fig. 3.3 Procedure of the proposed PFSA method considering WEs of WFs.

3.4 Case Study

3.4.1 Case 1: IEEE 68-Bus Benchmark System

1) Example System

Case 1 is conducted in the IEEE 68-bus benchmark system [22], where the power
system dynamic models [33, 143], as presented in Fig. 2, are used. WTs are not equipped
with additional frequency regulation control in Case 1 to show the obvious impact of
WPG uncertainties on probabilistic frequency stability. Three WFs are integrated into the
system, as illustrated in Fig. 3.4. 20 WTs are in each WF. The layout of WTs is set as
4x5 with the interval of 200m at the height of 50m. The wind direction is consistent
with the positive direction of the x-axis of the geographical coordinate system. The
initial nature wind speeds of WFs are 8m/s. The nature wind speeds change at 0.1s
randomly [23]. AGC starts after 30s [145]. The uncertainties of the changed nature wind

speeds obey the following probabilistic distribution: The nature wind speed of WF1
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follows Weibull(2, 5, 3.5); Those of WF2 and WF3 follow Weibull(2.5, 4.5, 4) with the
correlation coefficient of 0.7. The rest of the parameters are set as: WE parameters:
Cr=042, k,=0.042, h,=50m, D,=40m , y=0.143 ; WT parameters (p.u.):
C,=10, X,=002, X,,=02, X,,=02, I,y =0, Vi =1; frequency
regulation parameters (p.u.): R.=0.05, f=0416, 7, =02, Kp, =1, K;, =051t
should be noted that the proposed WE model and PFSA method are generic and suitable
for both short-term and long-term studies. In this chapter, the widely-used Weibull
function is selected for demonstration, which is usually used to quantify the uncertainty

of the nature wind speed in long-term planning [22].
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Fig. 3.4 IEEE 68-bus system integrated with three WFs.
2) Validation of Multiple Output Gaussian Process Regression for Probabilistic
Frequency Stability Analysis Considering Wake Effects of Wind Farms
Firstly, the accuracy of the proposed WE model is verified by comparing it with

the measurements, CFD, and Jensen and Gaussian analytical WE models presented in
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Fig. 3.5, where the measurements and results of CFD are from [146].
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Fig. 3.5 Calculation results of WEs in the scenarios of [146]: (a) Single WT in
Wieringermeer East; (b) WTs in Lillgrund WEF.

From Fig. 3.5, compared with other analytical WE models, the results of the
proposed model are closer to measurements, which demonstrates the accuracy of the
proposed model. Although the results of the proposed model are less accurate than those
of CFD, CFD is not suitable for PFSA since its simulation time is much greater than
that of power systems. Additionally, it can be seen in Fig. 3.5(b) that the calculation
errors of the proposed model associated with WTs located further along the wind
direction are lower than those of WTs located closer. This observation does not mean
that the proposed model has the higher accuracy for further WTs. And it is just caused
by the possible occurrence of positive and negative error offset since there are both
positive errors and negative errors when the proposed model is used to calculate the
WE of one WT. For example, as shown in Fig. 3.5(a), positive error at y/D, =1 and
negative error at y/D,, =—0.4 . And the wind speed of the downstream WT is affected
by WEs of all upstream WTs. Thus, calculation errors are accumulated. When errors

with the opposite nature happen to be accumulated, the overall error may be very small.
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To verify the effectiveness of the proposed MOGPR, MCS considering the WEs
of WFs (denoted as MCS-WE) is conducted 5000 times [21], the results of which are
regarded as the baseline. Also, MCS ignoring the WEs of WFs (denoted as MCS-NWE)
[21] is carried out to demonstrate the impact of the WEs on probabilistic frequency
stability. Moreover, the performance of the proposed MOGPR is compared with GPR.
The Gaussian kernel is selected as the covariance kernel function, and the number of
sampling data is chosen as 400 [103]. It should be noted that it is the first time to apply
the GPR-based method in PFSA. Thus, both GPR and MOGPR are novel methods in
PFSA. The time of frequency response simulation #s, WE calculation time #y ,
execution time of UPA methods fy, and total time 77 are illustrated in Table 3.1.

Table 3.1 Time cost in analyzing FN/FV and RoCoF in Case 1

Time cost ts (s) tw (8) tu (S) tr (s)
MCS-NWE 191173.94 - - 191173.94
MCS-WE 202927.13  257.28 - 203184.41
GPR 16233.77 20.70 26.63 16281.10
MOGPR  16234.42 20.54 8.32 16263.28

From Table 3.1, # is significantly less than #s, which means that the proposed
WE model only brings a slight rise of the computational time in PFSA and thus is
suitable for PFSA. Also, MCS-based methods are quite time-consuming. By
comparison, fs of GPR-based methods is greatly shorter than that of MCS-based
methods. Furthermore, since MOGPR can calculate the frequency stability indices of
different areas simultaneously, #yy of MOGPR is shorter than that of GPR, which

indicates the advantage of MOGPR in improving efficiency. Additionally, since the
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efficient scenario-based methods for analyzing the worst-case scenarios of power
system frequency stability considering WPG uncertainties and WE are lacking, the
worst-case scenarios need to be found from a large quantity of possible scenarios. Thus,
the time cost of worst scenario (WS) selection nearly equals that of MCS.

Moreover, the PDFs of FN/FV and RoCoF are shown in Fig. 3.6 to verify the
accuracy of the proposed method, where WSs are also drawn. To save space, only the

results of Areal, Area2, and the system are presented.
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Fig. 3.6 PDF of FN/FV and RoCoF in Case 1: (a) FN/FV of Area 1; (b) FN/FV of
Area 2; (c) FN/FV of system; (d) RoCoF of Area 1; (¢) RoCoF of Area 2; (f) RoCoF
of system.

As shown in Fig. 3.6, there are significant differences between the results from
MCS-NWE and those from MCS-WE in both FN/FV and RoCoF, which indicates that
ignoring the WEs of WFs in PFSA is inaccurate. The PDFs of FN/FV and RoCoF from

MCS-NWE have fatter tails, which means FN/FV and RoCoF are more separated when
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ignoring the WEs of WFs, leading to a higher probability of frequency instability. To
further illustrate the differences between considering and ignoring WEs, the wind speed

of WF considering WEs and frequency responses when all nature wind speeds change

to 7m/s as an example are drawn in Fig. 3.7.
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Fig. 3.7 (a) Wind speed of WFs considering WEs; (b) Frequency trajectories affected
by wind speed change.

From Fig. 3.7(a), there are wind speed deficits at downstream WTs when
considering WEs, which results in smaller power fluctuations under the same changes
of wind speed compared with those ignoring WEs. This contributes to a smaller
frequency fluctuation, making the PDFs of FN/FV and RoCoF more concentrated.
Moreover, from Fig. 3.7(b), due to the time delay of WEs, the change time points of
wind speed of WTs at different positions are different, which also leads to PDFs of
RoCoF being more concentrated. Thus, the results illustrate the significant impact of
WESs on probabilistic frequency stability and demonstrate the necessity of considering
the WEs of WFs in PFSA.

Moreover, to quantify the accuracy of different methods in calculating the PDFs
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of FN/FV and RoCoF presented in Fig. 3.6, the PDF shape difference s. is introduced.
It is defined as the Euclidean distance between the actual PDF p.(z) and the estimated
PDF p:(2), i.e., ||p.(z)— p:(2)||, as shown in Table 3.2. The subscript of s. is the
frequency stability index of the system and areas. For example, the FN/FV and RoCoF
of frequency of Areaa /system are denoted as F,/ Fy, and Ru. /R, respectively.

Table 3.2 Shape difference of PDFs of FN/FV and RoCoF in Case 1

Shape difference Sk, Sk,  SE. SRy SRe SRy

GPR 2.02 2.01 2.01 4.08 4.18 4.18
MOGPR 1.01 1.02 1.02 2.14 1.72 2.23

From Table 3.2, the PDFs from MOGPR have the higher similarity with the PDFs
from MCS-WE in both FN/FV and RoCoF, compared with those from GPR. The results
indicate the high accuracy merit of the proposed MOGPR in calculating the PDFs of
frequency stability indices. Moreover, from Fig. 3.6, although scenario-based WS
selection gives the boundaries of frequency stability indices, it cannot reflect the
probability of WSs, which is also concerned in probabilistic frequency stability, since
preparing excessively for frequency violation scenarios with very low occurrence
probabilities will greatly increase unnecessary reserve costs. By comparison, GPR and
MOGPR use limited sampling points, i.¢€., scenarios, to build the corresponding models,
thereby analyzing frequency stability of power systems in all possible scenarios. Also,
the RAM can be formed based on the results in Fig. 3.6, as shown in Table 3.3, where
‘Green’, ‘Yellow’, and ‘Red’ regions denote ‘Low Risk’, ‘Medium Risk’, and ‘High

Risk’, respectively. Results presented in the row of ‘MCS-WE’ are the risk occurrence
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probability of frequency. Results shown in the row of rest methods are the AEs between
the risk occurrence probability from different methods and that from MCS-WE. To
show the overall accuracy, the MAEs are listed in the last column. The units of results
in Table 3.3 are %.

Table 3.3 RAM of FN/FV and RoCoF in Case 1

FN/FV (Hz) 49.5~49.8 50.2~50.5 MAE

MCS-WE  0.00 11.05 62.23 19.38 7.33 -

Area 1 GPR 0.00 2.32 6.06 0.96 4.70 2.80
MOGPR 0.00 0.83 2.12 0.66 0.63 0.85

MCS-WE  0.00 11.02 62.27 19.37 7.34 -
Area 2 GPR 0.00 2.31 6.05 0.96 4.69 2.80
MOGPR  0.00 0.83 2.12 0.67 0.62 0.84

MCS-WE  0.00 10.97 62.36 19.37 7.30 -
System GPR 0.00 2.21 6.14 0.90 4.68 2.80
MOGPR 0.00 0.82 2.13 0.70 0.62 0.85

ROCOF (Hz/s) 0.5~-0.4 0.4~0.5 MAE

MCS-WE  0.00 0.00 99.70 0.30 0.00 -

Area 1 GPR 0.00 0.00 0.30 0.30 0.00 0.12
MOGPR 0.00 0.00 0.13 0.13 0.00 0.05

MCS-WE  0.00 0.00 99.86 0.14 0.00 -
Area 2 GPR 0.00 0.00 0.14 0.14 0.00 0.06
MOGPR 0.00 0.00 0.04 0.04 0.00 0.02

MCS-WE  0.00 0.00 99.89 0.11 0.00 -
System GPR 0.00 0.00 0.11 0.11 0.00 0.04
MOGPR  0.00 0.00 0.04 0.04 0.00 0.01

In Table 3.3, the risk occurrence probability of FN/FV is mainly concentrated in

the low and medium-risk regions. The occurrence probability of high-risk regions is
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relatively low. The maximal AE of RAM of FN/FV from GPR is 6.14%, while that from
MOGPR is 2.13%. And the maximal MAE of RAM of FN/FV from GPR is 2.80%,
while that from MOGPR is 0.85%. The results indicate that the accuracy of MOGPR
in analyzing the RAM of FN/FV is better than that of GPR. For RAM of RoCoF, the
risk occurrence probability is mainly concentrated in the low-risk region, rarely in the
medium-risk regions. The maximal AE from GPR is 0.30%, while that from MOGPR
is 0.13%. And the maximal MAE from GPR is 0.12%, while that from MOGPR is
0.05%. Thus, the results demonstrate the high accuracy merit of the proposed MOGPR
in analyzing the RAMs of frequency stability indices compared with GPR.

3) Impact of Different Factors on Probabilistic Frequency Stability

(1) Wind Direction

The angle between the wind direction and the positive direction of the x-axis is set
as 30°, 45°, and 90°, respectively, to investigate the impact of wind direction on
probabilistic frequency stability. Firstly, the accuracy of different methods in

calculating PDFs of FN/FV and RoCoF and analyzing the RAM are shown in Table 3.4.
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Table 3.4 Performance in analyzing FN/FV and RoCoF affected by wind direction

Shape difference SEy SFn SEyw SRy SR SRy

GPR  2.58 2.58 2.57 8.18 7.91 8.22

0,=30°
MOGPR 1.98 1.98 1.98 425 4.62 4.67
_ GPR 285 2.83 281 5.47 547 5.67
O3 MOGPR 1.68 1.71 1.65 2.14 2.02 2.29
© GPR 233 232 232 476 494 482
0720 MOGPR 1.18 1.19 1.19 233 1.87 2.45
MAE €y Crs Ch. Cra €rn CR,
_ GPR 217 217 2.17 0.00 0.00 0.00
0730 MOGPR 1.01 1.01 1.02 0.00 0.00 0.00
~ GPR 3.03 3.02 3.01 0.00 0.00 0.00
O™ MOGPR  0.45 0.38 0.44 0.00 0.00 0.00
GPR  1.89 1.89 2.88 0.00 0.00 0.00

0, =90°

MOGPR 0.63 0.63 0.63 0.00 0.00 0.00

As shown in Table 3.4, the maximal PDF shape difference of FN/FV and RoCoF
from GPR is 8.22, while that from MOGPR is 4.67. For the RAM results, the maximal
MAE of FN/FV from GPR is 3.03%, while that from MOGPR is 1.02%. And the
maximal MAE of RoCoF from both GPR and MOGPR is 0.00%, since the risk
occurrence probability of the low-risk region is 100.00%. The results verify the
accuracy of the proposed MOGPR in PFSA.

Moreover, the wind speed of WF at the height of 50m and RAM results are
presented in Fig. 3.8 and Fig. 3.9 to show the impact of wind direction on probabilistic
frequency stability. Since the risk probability of RoCoF in the low-risk region is

100.00%, only the RAMs of FN/FV are drawn in Fig. 3.9 to save space.
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Fig. 3.8 WEs of WFs at different wind directions: (a) 30°; (b) 45°; (c) 90°.
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Fig. 3.9 RAM of FN/FV at different wind directions: (a) 30°; (b) 45°; (c) 90°.

From Fig. 3.8 and Fig. 3.9, the change of wind direction leads to the distance
change of WTs in the wind direction. Taking the WT at the position (100, 100, 50) as
an example, the nearest WTs directly below in the wind direction are the WT at (500,
300, 50) (approximately below when 6,=30°), the WT at (300, 300, 50) (when
6, =45°), and the WT at (300, 300, 50) (when 6,,=90°), respectively. The streamwise
distances are 446.41m, 282.84m, and 200m, separately. The wind speed deficit will
increase with the rise of wind direction due to the rise of the WE strength. Under the
same change of nature wind speed, before AGC starts, the number of WTs experiencing
power fluctuations is most when 6,,=90°, while that is least when 6,,=30°. Thus, the
risk occurrence probability of FN/FV is mainly in the low-risk region when 6,,=30°.

When 6,,=45°, the probability in the low-risk region reduces, and the probability in
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medium-risk regions rises. And when 6,=90°, the risk occurrence probability of
FN/FV is more separated, and there is the probability of being in the high-risk region.

(2) Terrain

The ridge, the circular hill, and the rolling terrain are involved in the case studies
to study the impact of different terrains on probabilistic frequency stability. The terrain
parameters of height and length are set as 50m and 150m. The accuracy of different
methods, the wind speed of WF, and the RAM results are illustrated in Table 3.5, Fig.
3.10, and Fig. 3.11, separately.

Table 3.5 Performance in analyzing FN/FV and RoCoF affected by terrain

Shape difference SEy SFn SEyw SRy SR SRy

GPR  2.99 2.99 2.99 5.22 536 5.46
Ridge
MOGPR 1.42 1.42 1.42 2.40 2.60 2.63

Circular GPR  2.19 2.19 2.19 4.27 438 4.64
hill MOGPR 0.70 0.71 0.71 1.70 1.65 1.77

Rolling GPR  2.29 229 2.29 4.65 4.70 4.88
terrain ~ MOGPR 0.95 0.96 0.96 1.15 1.21 1.26

MAE

eF Al eF A2 erys eRA 1 eRA 2 eRsy.v

GPR  4.19 4.18 4.17 0.79 0.36 0.32
Ridge
MOGPR 0.53 0.53 0.52 0.06 0.11 0.11

Circular GPR  2.33 2.32 2.31 0.02 0.00 0.00
hill MOGPR 1.08 1.08 1.08 0.01 0.00 0.00

Rolling GPR  2.79 2.78 2.77 0.00 0.00 0.00
terrain ~ MOGPR 1.11 1.11 1.11 0.00 0.00 0.00
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Fig. 3.10 WEs of WFs at different terrains: (a) Ridge; (b) Circular hill; (c) Rolling

terrain.
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Fig. 3.11 RAM of FN/FV at different terrains: (a) Ridge; (b) Circular hill; (c) Rolling
terrain.

According to Table 3.5, the PDF shape differences and the MAEs of RAM from
MOGPR are lower than those from GPR, which indicates that the accuracy of MOGPR
is higher than that of GPR. From Fig. 3.10 and Fig. 3.11, after considering different
terrains, the level of nature wind speed and the WE strength are affected. In case studies,
the wind speed deficit at the ridge is the smallest. And the level of nature wind speed at
the ridge is the highest, while those at the circular hill and the rolling terrain are
relatively low, which can be regarded as the difference of wind power penetration. Thus,
when the wind speed changes, the power fluctuations of WTs are most obvious at the

ridge. As a result, the risk occurrence probability of FN/FV is separated in different risk
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regions at the ridge. At the circular hill and the rolling terrain, the probability in high-
risk and medium-risk regions reduces, and the probability in the low-risk region rises.

(3) Wind Turbine Layout

The position of WTs in every WF is changed to 2x10, 5x4, and the optimized
layout with the objective of minimizing the unit generation cost [147], respectively, to
demonstrate the impact of layout on probabilistic frequency stability. The accuracy of
different methods, the wind speed of WF, and the RAM results are presented in Table
3.6, Fig. 3.12, and Fig. 3.13, separately.

Table 3.6 Performance in analyzing FN/FV and RoCoF affected by wind turbine

layout

Shape difference SEy SFn SEyw SRy SR SRy

GPR 3.98 397 3.97 7.06 6.93 6.79
2x10
MOGPR 1.99 2.00 2.00 3.08 3.15 3.21

GPR  2.33 2.32 2.32 4.76 4.94 4.82
5x4
MOGPR 1.18 1.19 1.19 2.33 1.87 2.45

Optimized GPR 226 2.26 2.24 595 6.06 6.52
layout MOGPR 1.64 1.66 1.65 2.52 2.66 2.68

MAE

eF Al eF A2 erys eRA 1 eRA 2 eRsy.v

GPR  0.97 0.97 0.97 0.00 0.00 0.00
2x10
MOGPR 0.59 0.68 0.59 0.00 0.00 0.00

GPR  2.89 2.89 2.88 0.00 0.00 0.00
5x4
MOGPR 0.63 0.63 0.63 0.00 0.00 0.00

Optimized GPR  2.14 2.14 2.12 0.00 0.00 0.00
layout ~ MOGPR 0.81 0.83 0.81 0.00 0.00 0.00
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Fig. 3.12 WEs of WFs with different layouts: (a) 2x10; (b) 5x4; (c) Optimized

layout.
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Fig. 3.13 RAM of FN/FV with different layouts: (a) 2x10; (b) 5x4; (c) Optimized
layout.

Results in Table 3.6 show that both the PDF shape differences and the MAEs of
RAM from MOGPR are lower than those from GPR. Based on Fig. 3.12 and Fig. 3.13,
different layouts change the relative position of WTs, thereby changing the strength of
the WEs in WFs, which results in more wind speed deficits, as illustrated in Fig. 3.12,
and less conspicuous power fluctuations of WTs with a narrower layout. Thus, the risk
occurrence probability of FN/FV is almost all in the low-risk region with 2x10 layout
due to the high WE strength. When the layout is separated, since the WE strength is
low, the probability in the low-risk region reduces, that in medium-risk regions

increases, and even that in high-risk regions occurs.
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It should be noted that though the wind direction, terrain, and WT layout are
independent factors with different properties, i.e., meteorological, geographical, and
operational planning factors, respectively, their impacts on WEs and probabilistic
frequency stability are not independent. The reason is that the relative distance between
WTs directly affects WEs and then probabilistic frequency stability. And any one of
these three factors can affect the relative distance. Thus, though the change of one factor
will not contribute to the change of another factor, it will affect the impact of another
factor on WEs and probabilistic frequency stability. Since their impacts on WEs and
probabilistic frequency stability are interwoven with each other, the impact analysis of

individual factors is beneficial for revealing the general patterns of their impacts.

3.4.2 Case 2: Industrial Provincial Large-Scale Power System

1) Example System

Case 2 is conducted in a large-scale power system modified based on the realistic
two-area system in East China, including 1958 buses and 56 generators, to demonstrate
the scalability of the proposed method. Five WFs are integrated into the system, as
presented in Fig. 14, where WF1, WF2, and WFS5 are onshore. And WF3 and WF4 are
offshore. The nature wind speeds of WF1 and WF2 follow Weibull(2.5, 4.5, 4) with the
correlation coefficient of 0.7. Those of WF3, WF4, and WF5 follow Weibull(2, 5, 3.5),
Weibull(1.5, 2, 4), and Weibull(1.5, 3.5, 5), respectively. The rest settings of WFs, MCS,

GPR, and MOGPR are the same as those in Case 1.
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Fig. 3.14 Large-scale power system integrated with five WFs.

2) Scenario 1: Probabilistic Frequency Stability Analysis Considering Wake
Effects of Wind Farms Without Additional Frequency Regulation Control

Firstly, the case study is carried out under the scenario that WFs are not equipped
with additional frequency regulation control. And the time costs of different methods
in conducting PFSA are listed in Table 3.7.

Table 3.7 Time cost in analyzing FN/FV and RoCoF in Scenario 1 Case 2

Time cost  Zs (s) tw (8) tv (s) tr (s)
MCS  692876.29  430.71 - 693307.00
GPR 55428.08 34.55 13.35 55475.98

MOGPR  55428.73 34.64 3.89 55467.26

From Table 3.7, similar observations as those in Case 1 can be obtained, i.e., the
total time costs of GPR and MOGPR are significantly lower than that of MCS, and the

execution time of MOGPR is shorter than that of GPR due to the multi-output structure.
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Also, since the system in Case 1 has 5 areas, whereas that in Case 2 has 2 areas, the
number of analyzed frequency stability indices in Case 2 is fewer than that in Case 1.
Thus, the execution time of GPR and MOGPR in Case 2 is shorter than that in Case 1.

Next, the PDFs of frequency stability indices calculated based on different
methods are presented in Fig. 3.15, where WSs are also drawn. And the shape
differences of PDFs are computed to assess the accuracy of different methods in
calculating PDFs, as illustrated in Table 3.8. Also, RAM derived from the results shown
in Fig. 3.15 are listed in Table 3.9. Since the probability of RoCoF in the low-risk region
is 100%, and all methods obtain the same results, only the RAM results of FN/FV are

presented for saving space.
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Fig. 3.15 PDF of FN/FV and RoCoF in Scenario 1 Case 2: (a) FN/FV of Area 1; (b)
FN/FV of Area 2; (c) FN/FV of system; (d) RoCoF of Area 1; (¢) RoCoF of Area 2;

(f) RoCoF of system.
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Table 3.8 Shape difference of PDFs of FN/FV and RoCoF in Scenario 1 Case 2

Shape difference Sk, Sk, SR, Ska Sk SRy

GPR 238 239 239 4.04 331 3.58
MOGPR 1.58 1.59 1.59 2.52 252 2.59

Table 3.9 RAM of FN/FV in Scenario 1 Case 2

FN/FV (Hz) 49.5~49.8 50.2~50.5 MAE

MCS-WE  0.00 3.27 85.72 10.79 0.22 -
Area 1 GPR 0.00 1.04 3.84 2.61 0.19 1.53
MOGPR 0.00 0.15 0.46 0.77 0.15 0.30

MCS-WE  0.00 3.22 85.85 10.72 0.21 -
Area 2 GPR 0.00 1.03 3.83 2.62 0.19 1.54
MOGPR 0.00 0.15 0.45 0.75 0.15 0.31

MCS-WE  0.00 3.22 85.81 10.75 0.22 -
System GPR 0.00 1.04 3.84 2.61 0.19 1.53
MOGPR  0.00 0.15 0.46 0.76 0.15 0.30

By comparing the results in Table 3.8 with those in Table 3.2, though the system

in Case 2 is much larger than those in Case 1 and with more uncertainties, the accuracy

of the proposed method in calculating the PDFs of frequency stability indices in Case

2 is close to that in Case 1. Moreover, the RAM results in Case 2, as illustrated in Table

3.9, also demonstrate the high accuracy of MOGPR, with 0.31% maximal MAE. These

results indicate the scalability of MOGPR in analyzing large-scale power systems with

more uncertainties considering both onshore and offshore WFs and WEs.

3) Scenario 2: Probabilistic Frequency Stability Analysis Considering Wake

Effects of Wind Farms with Additional Frequency Regulation Control

It can be seen in Table 3.9 that FN/FV has the probability to be in the medium-risk
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and even high-risk regions when there is no frequency regulation control in WFs. Thus,
to improve the probabilistic frequency stability of the system, additional frequency
regulation control is equipped in Scenario 2. And different methods are adopted to
conduct PFSA in this scenario. The comparison of time costs, FN/FV PDFs, shape
difference of FN/FV PDFs, and the RAM of FN/FV among different methods are
presented in Table 3.10, Fig. 3.16, Table 3.11, and

Table 3.12, separately.

Table 3.10 Time cost in analyzing FN/FV and RoCoF in Scenario 2 Case 2

Time cost  Zs (s) tw (8) tv (s) tr (s)
MCS 69289742  431.03 - 693328.45
GPR 55430.76 34.62 13.30 55478.68

MOGPR 55431.28 34.59 391 55469.78
MCS - -WS - GPR --- MOGPR |
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Fig. 3.16 PDF of FN/FV and RoCoF in Scenario 2 Case 2: (a) FN/FV of Area 1; (b)
FN/FV of Area 2; (c) FN/FV of system.

Table 3.11 Shape difference of FN/FV PDFs in Scenario 2 Case 2

Shape difference sk, Sk, Sk,

GPR 3.67 3.69 3.69
MOGPR 2.55 2.56 2.56
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Table 3.12 RAM of FN/FV in Scenario 2 Case 2

FN/FV (Hz) 49.5~49.8 50.2~50.5 MAE

Areal/ MCS-WE  0.00 0.00 100.00 0.00 0.00 -

Area 2/ GPR 0.00 0.00 0.00 0.00 0.00 0.00
System MOGPR 0.00 0.00 0.00 0.00 0.00 0.00

According to the results, the time costs and errors of MOGPR are close to those in
Scenario 1, which demonstrates MOGPR is applicable for PFSA of power systems
integrated with WFs with additional frequency regulation control. Moreover, by
comparing Table 3.9 with

Table 3.12, after applying additional frequency regulation control, the probability
of FN/FV in the medium-risk and high-risk regions is greatly reduced to 0%, and
FN/FV only exists in the low-risk region. The results illustrate that applying additional
frequency regulation control in WFs can effectively enhance the probabilistic frequency

stability of power systems affected by WPG uncertainties.

3.5 Summary

This chapter proposes a method of PFSA considering the WEs of WFs based on
the proposed WE model. Firstly, an analytical WE model suitable for PFSA is proposed.
The proposed time-saving WE model can be easily integrated into the frequency
response model of power systems and comprehensively considers multiple types of
terrain, wind direction, and time delay of wind flow, reflecting the WEs of WFs more

realistically. Then, for analyzing the system frequency and the area-level frequency
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simultaneously and considering the implicit relationship between them, the MOGPR is
proposed to improve efficiency and accuracy. The results of case studies verify the
effectiveness of the proposed method and demonstrate the necessity of considering the
WEs of WFs in PFSA. And the impact of wind direction, terrain, and layout on

probabilistic frequency stability is also investigated.
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Chapter 4 Probabilistic Frequency Stability Analysis

Aiming at Frequency Response Trajectories

4.1 Introduction

Existing PCE-based PFSA methods aiming at system dynamic responses require
that joint probability distributions of uncertainties can be accurately characterized or
approximated by existing Copula functions when dealing with correlated uncertainties.
Also, since existing PCE-based PFSA methods have only one output, they can only
estimate the frequency response at each time point separately. However, PFSA for
power system frequency responses focuses on the frequency response trajectories at all
time points during the concerned period of time. This means that massive PCE models
need to be constructed, which is cumbersome. Thus, they are time-consuming and have
limited accuracy. In view of this background, this chapter proposes a generic correlation
transformation method for uncertainties with complicated correlations and GMPCE to

quantify the system frequency response at each time point simultaneously.

4.2 Generic Multi-Output Polynomial Chaos Expansion for
Probabilistic Frequency Stability Analysis Aiming at Frequency

Response Trajectories
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The proposed GMPCE utilizes weight summation of orthogonal polynomials to

approximate the relationship M (&) between independent uncertainties £ and the

system response y =[y(Af),---, y(iAt), -+, y(T;)]", which can be expressed as
y=M(E&)~j=ME&)=Wo(&)

N & Y 4.1
=1Y 0.0/ @) . Y00, Y 00,0, O -0

where T; denotes the concerned system response duration. At is the step length. N,
is the number of expansion items. N, =7, /At is the number of GMPCE outputs y .
Superscript * represents the approximation derived from GMPCE. ¢;(&) is the j-th
item of @(&), which denotes the polynomial and is arranged in ascending order. @;
is the entry in i-th row and j-th column of the weight coefficient matrix W .

From (4.1), one of the major differences between the form of GMPCE and that of
existing PCE is that GMPCE has multiple outputs, while existing PCE has one output.
Also, according to (4.1), the main tasks of deriving the GMPCE model can be
summarized as: 1) Transformation of correlated uncertainties into independent ones & ;
2) Construction of polynomials @(&); 3) Calculation of weight coefficients W . It
should be noted that W 1is directly derived in GMPCE as a whole rather than
calculating @; separately and combining them into W . Otherwise (4.1) is only a

combination of existing PCE models.
4.2.1 Generic Transformation for Correlated Uncertainties

There are similarities between uncertainty transformation and blind source

separation. In detail, correlated uncertainties are similar to the observed and mixed
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signals in blind source separation. And transforming correlated uncertainties into
independent ones is similar to restoring the observed signals to the original signals.
Thus, methods of blind source separation have the potential to be used in uncertainty
transformation. And the basic idea of independent component analysis (ICA) that can
effectively separate mixed signals into not only uncorrelated but also independent
signals is applied in this chapter.

For a set of correlated uncertainties ¢=[¢i, 2, -, ¢n. |, Wwhere N. denotes the
number of correlated uncertainties, the N, sampling data of ¢ is expressed as

(=N Firstly, whitening processing is conducted to transform the correlated

S
uncertainties into uncorrelated ones ¢ with unit variance based on eigenvalue
decomposition, which can be formulated as
g~(1~N,,) _ Usfl/ZUTg(%N,g) (4.2)
where U is the right eigenvector of ¢"™[¢"™) 1" . The diagonal entries of § are
the eigenvalues of ¢ [¢"™)7".
Then, based on ICA, the transformation from uncorrelated uncertainties into
independent ones can be regarded as finding a transformation matrix

B=[b,, b,,---,by.]" that can maximize the non-Gaussianity [148], which can be

formulated as

max Y (EIG( )]~ E[G)]Y
E " 43)

Ln'=n

LE[(BLE M) o (LGN =
st (B0 (B15")] {o,n'in"

where U is an uncertainty following the standard Gaussian distribution. G(-) is the
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contrast function, which can be chosen as logcosh. o is the Hadamard product
operator.

To solve (4.3), the fixed-point algorithm [149], as presented in (4.4), is used to
update b, iteratively until it converges so that the fast ICA can be implemented.

{b"“ =E[E) 0 G(blnG" )= EIG®Bl-16" ™ Nbui (4.4)

by = b/ || B |12
where G(-) and G(-) are the first and second order derivatives of G(). b,, and
b, arethe updated b, at v-th iteration with and without normalization, respectively.
-]l isthe ¢, norm.
After B is calculated, the transformation from correlated uncertainties ¢ to
independent ones & can be derived as

E=BUS"U’s. (4.5)

4.2.2 Polynomial Construction for Uncertainties with Arbitrary Probability

Distributions

Polynomials are formed by orthogonal bases. For the orthogonal basis w!"1(&,)

with respect to &, with the order of j,, , it can be expressed as
l//[./m](ém) — ZKII§IZ) ij = 1 (4_6)
n=0

where k, is the coefficient of &, .
To construct bases applicable to uncertainties with arbitrary probability

distributions, the orthogonality is used, which is

Ny
Dy E I EIED TN, =0,0< g < o (4.7)
h=1
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By substituting j, =0,1,---, j, —1 into (4.7) in turns, o, ki,:*,K;,-1 can be
derived, which can be formulated as
[KOa Kiy ey Kfm—l]T = ®_1[Zl’ X255 K ]T (48)
NY . .
Where Zju = Z 5’{’”+J"171’(h) / NS7 1 S j” S _]m * @ = (Hjujz/ )ijjm
h=1

Ny

Oy, == ER 2D INGLS iy iy S -

h=1
After determining orthogonal bases according to (4.6) and (4.8), polynomials can
be constructed. And to alleviate the curse of dimensionality, the hyperbolic truncation

is introduced. Thus, ¢;(&) can be formed as

@i (&) =y (&) oy U &) oy (G

Ne
gl = 3 J)" < N,

m=1

(4.9)

where N, expresses the order of GMPCE. ¢, is the hyperbolic truncation coefficient.
4.2.3 Weight Coefficient Calculation

The calculation of W as a whole in (4.1) can be regarded as the multiple linear

(=N)and

regression (MLR), where the sampling data of system response y
polynomials @(&)"™) have already been derived. To avoid overfitting and reduce the
complexity of W , the form of multi-task Elastic Net [150] is introduced in calculating
W , which can be formulated as the following optimization problem

min ||y =W @) [ 2Ny + Ap [|W |l +A(= p) [| W || /2 (4.10)

where A is the penalty factor of the complexity of W . p denotes the weight

coefficient of different norms. ||-||- and ||| are Frobenius norm and ¢/, norm,
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respectively, which are expressed as
| Alle= > ai, | Alla=. [ ai = |l a | (4.11)
k1 k ! k

where ay is the entry in k-th row and /-th column of the indicated matrix 4.

To solve (4.10), the coordinate descent algorithm can be used. And the
introduction of ||W | in (4.10) is for avoiding overfitting. The introduction of
IW ||1 in (4.10) is for reducing the ¢, norm of A in every row, which restricts the
complexity of W in every row, i.e., ensuring the sparse structure of GMPCE, thereby

avoiding the curse of dimensionality.
4.2.4 Probabilistic Analysis of GMPCE Outputs

After deriving the GMPCE model in (4.1), the mean g and variance o} of

y(iAt) can be estimated based on GMPCE as

Np Np
i =D YA I N,, 67 =D [PAN T I N, - ii? (4.12)
h=1 h=1

where N, is the number of sampling data derived from GMPCE.

Based on KDE, the PDF p(-) of y(iAf) can be estimated as

PGAN) = 3 DA - AN/ 5]/ (NS (4.13)

h=1
where @[] is the kernel function of KDE. Ny is the number of KDE sampling data
derived from GMPCE. 0; is the bandwidth of KDE with respect to y(iAt), which can

be chosen as 1.066;Ng™* [98].

4.3 Case Study
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4.3.1 Case 1: IEEE 68-Bus Benchmark System

1) Example System

Case 1 is conducted in the IEEE 68-bus benchmark system. 3 WPGs, 3 PVs, and 3
loads with realistic uncertainties based on measurements in [151] are connected at Bus
29, 31, 41, Bus 6, 10, 36, and 27, 47, 48, respectively, as presented in Fig. 4.1. The

frequency response f(¢) of the system with the trip of the largest infeed generator at

0.1s is analyzed, where 7, =10s, At=0.01s.
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Fig. 4.1 IEEE 68-bus system with uncertainties of WPGs, PVs, and loads.

Moreover, to illustrate the probability distributions and the correlations among
uncertainties, their PDFs after normalization are drawn in Fig. 4.2, and the correlation
coefficients of pairwise uncertainties are listed in the upper triangular units of Table
4.1. The correlation coefficients and the independence hypothesis test results of
uncertainties after conducting the proposed uncertainty transformation are listed in the
lower triangular units of Table 4.1 to show the performance of the uncertainty

transformation. In Table 4.1, “0/Y” denotes that the correlation coefficient is 0, and the
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independence hypothesis is accepted at a 5% level of significance.

0 0.2 0.4 0.6 0.8 1
Power (p.u.)

Fig. 4.2 PDFs of uncertainties.
Table 4.1 Correlations and independence among uncertainties before and after

transformation

Ul U2 U3 U4 Us [8f§] u7 U8 U9

Ul - 0.01 0.02 -024 -0.08 -0.06 004 0.16 0.08
U2 0'Y - 0.54 -003 -022 -025 008 0.17 0.09
U3 0Y 0Y - 0.01 -030 -0.29 0.15 0.07 0.12
U4 0/Y 0/Y 0y - 040 041 -0.07 -033 -0.14
Us 0Y 0Y 0/Y 0Y - 0.89 -0.09 -047 -0.23
U6 0/Y 0/Y 0y 0/Y 0/Y - -0.10 -048 -0.23
u7 0Y 0Y 0/Y 0Y 0/Y 0/Y - 0.53  0.82
U8 0/Y 0/Y 0y 0/Y 0y 0/Y 0/Y - 0.81

U9 0Y 0Y 0/Y 0Y 0/Y 0/Y 0/Y 0/Y -

From Fig. 4.2, the PDFs of realistic uncertainties are complicated, especially PV3
and Load 3, the shapes of which are quite different from the standard PDFs. And in
Table 4.1, the correlation coefficients between different pairwise uncertainties are
various. By comparison, after uncertainty transformation, all correlation coefficients
among uncertainties are close to 0, and all independence hypothesis tests are passed.

The results demonstrate the effectiveness of the proposed uncertainty transformation in
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transforming the correlated uncertainty into independent ones.

2) Validation of Generic Multi-Output Polynomial Chaos Expansion for
Probabilistic Frequency Stability Analysis Aiming at Frequency Response
Trajectories

The results of 5000 MCSs are regarded as the baselines. The performance of the
proposed GMPCE in efficiency and accuracy is compared with those of SPCE and LRA
[100] with the setting as: N, =200, N, =4, 1=1/(2N,), p=0.5.The selection of
A and p is to equally consider the sparsity and generalization. And SPCE is chosen
as the comparison method since the conventional PCE is infeasible with the above
setting due to the curse of dimensionality.

Firstly, the efficiency of different methods is compared, as illustrated in Table 4.2.
From Table 4.2, since SPCE, LRA, and GMPCE only require 200 simulations, whereas
MCS requires 5000 simulations, the simulation time needed for SPCE, LRA, and
GMPCE is significantly shorter than that needed for MCS. Moreover, the efficiency of
GMPCE is greatly superior to that of SPCE and LRA. The method execution time of
GMPCE is more than 40 times shorter than that of SPCE and LRA. The reason is that
SPCE and LRA models only have one output. To analyze f(f) at each time point,
N, =T, /At =1000 models are required to be constructed separately. By comparison,
GMPCE has multiple outputs, and the number of the constructed GMPCE model is

only one, indicating the time-saving merit.
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Table 4.2 Efficiency comparison of different methods in Case 1

Method Simulation time (s) Method execution time (s) Total time (s)

MCS 9852.744 - 9852.744
SPCE 110.944 502.603
LRA 391.659 101.016 492.675
GMPCE 2.320 393.979

Moreover, the accuracy of methods in estimating the moments, i.e., mean and
standard deviation (Std.), of f(¢) is compared, as shown in Fig. 4.3. According to Fig.
4.3(a) and Fig. 4.3(b), the overlapping degree between the moment curves derived from
MCS and those from GMCPE are higher than those from SPCE and LRA. Moreover,
from Fig. 4.3(b), the Std. curve from GMCPE is smoother since each time point
corresponds to one SPCE or LRA model, @; of which are calculated separately. By

comparison, W of GMPCE is calculated as a whole.

MCS —--SPCE - LRA - -GMPCE|

3 3
50.02 . . . : 5210 10
— 4985246 A\Y :-:-:—:-:- ------
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~— “\"\\ {/,' E K
< 49.96 49-89228 s X3t :’! \\\1“ 7.86"~ 7. 88 19
T | I A S TN — N e
o | 49 8321 = 4\4 3107 S|
2 499 ‘ /'\_4 076 (e} 1 _// 4 4§q ”_J-—-“\ ]
% 5 =C === _%
= ! = 1 4'4717 2:7 191 1.95
49.84 i 1 l | 191 1,
0o 2 4 6 8 10 o 9 4 6 8 10
Time (s) Time (s)
(a) (b)

Fig. 4.3 Accuracy comparison of f(#) moment estimation: (a) Mean; (b) Std..

To quantify and compare the overall accuracy of different methods, PDFs of AEs
of moments are introduced and presented in Fig. 4.4. As seen in Fig. 4.4(a) and Fig.
4.4(b), the AE PDFs from GMCPE have higher peaks and thinner tails, the peaks of
which are closer to 0. The results indicate that GMCPE has higher accuracy in
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estimating moments of system responses. And the reason is that the complicated
correlations among realistic uncertainties cannot be transformed accurately in SPCE

and LRA, which decreases their estimation accuracy.

| —SPCE — LRA — GMPCE |

5 5
4 x 10 i ] ] 45 x 10
3
e F 3
2 | £
1.5
WA
0 u 0
0 0.5 1 1.5 2 0 1.5 3 4.5 6
AE Of mean % 10'4 AE Of Std x 10'5
(a) (b)

Fig. 4.4 PDF comparison of moment AEs in Case 1: (a) Mean; (b) Std..
Also, to assess the accuracy of methods in estimating f(¢) PDFs at each time
point, AEs of PDFs are presented in Fig. 4.5.

25

AE of PDF

0.5

2.5 5 7.5
Time (s)

(c)

Fig. 4.5 AE of PDF of f(¢) from (a) SPCE; (b) LRA; (c) GMPCE.
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From Fig. 4.5, the PDF AE of f(¢) from GMPCE is much smaller than those
from SPCE and LRA, indicating its higher accuracy at different time points, which can
be observed more clearly when the results at only one time point are shown, as drawn
in Fig. 4.6. It can be seen in Fig. 4.6 that the overlapping degree between the PDF from

MCS and the PDF from GMPCE is higher than those from SPCE and LRA.

| MCS ---SPCE - LRA - -GMPCEl
180

N\
120} 77\
[/ \
3 / \
z A
Al / \;\\
60F 16— N\
= 4
_,,_//41_1(9".‘8985 49.8995

49.89 49.894 49.898 49902 49.906
f(t) at 5 s (Hz)

Fig. 4.6 PDFs of f(f) at t=35s.

Furthermore, to quantify and compare the overall accuracy of methods in
calculating the PDFs of f(¢) , the shape difference of PDFs ¢ , i.e.,
e=| p(f()— p( f (1)) |2, is introduced, the PDFs of which are drawn in Fig. 4.7. From
Fig. 4.7, the PDF of ¢ from GMCPE is with higher peaks closer to 0 and thinner tails,

showing higher overall accuracy of GMPCE in calculating the PDFs of f(¢).

|— SPCE — LRA — GMPCE|

0.24

0.16

PDF

0.08

0
0 25 50 75 100
Shape difference

Fig. 4.7 PDF of the shape difference of PDFs in Case 1.

4.3.2 Case 2: 240-Bus WECC System
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To verify the scalability and applicability of GMPCE in the larger power system
with numerous uncertainties, case studies implemented in the 240-bus WECC system
are conducted, where 37 RPGs are integrated [152]. Also, the top 13 loads with the
highest active power are selected as uncertainties as examples. Thus, the total
uncertainty quantity of RPGs and loads in the system is 50. These uncertainties are
based on the measurements in [153]. PFSA is conducted by using GMPCE to analyze
the system frequency response fy,(¢) and area-level frequency response in Area 1
fwa(t) of the system with the trip of the largest infeed generator at 0.1s. Firstly, the
efficiency comparison among different methods is presented in Table 4.3. Compared
with the time cost shown in Table 4.2, the simulation time rises around 4.5 times with
the increase of the analyzed system scale. And since GMPCE, as a nonintrusive method,
only needs the data of uncertainties and data of system dynamic responses as inputs and
outputs to determine its structure and calculate the coefficients, the method execution
time of GMPCE rises around 3.5 times with the increase of uncertainty quantity rather
than that of analyzed system scale. Moreover, similar time cost increases can be found
in other methods, and the increase of method execution time of GMPCE is limited
compared with other methods. Thus, these results demonstrate that GMPCE possesses
the time-saving merit in UPA of the large-scale power system with numerous

uncertainties.
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Table 4.3 Efficiency comparison of different methods in Case 2

Method Simulation time (s) Method execution time (s) Total time (s)

MCS 43932.563 - 43932.563
SPCE 308.453 2058.834
LRA 1750.381 236.691 1987.072
GMPCE 8.179 1758.560

Then, the accuracy of methods in estimating the moments and PDFs of frequency
responses are compared and drawn in Fig. 4.8, Fig. 4.9 and Fig. 4.10, Fig. 4.11,
respectively. From Fig. 4.8(a), Fig. 4.8(c), for mean of frequency responses, all mean
curves derived from different methods are very close to the curves from MCS, which
illustrates their high accuracy in estimating the mean of frequency responses. Moreover,
from Fig. 4.9(a) and Fig. 4.9(c), though the peaks of AE PDFs from LRA are closer to 0
than those from GMPCE, the values of their peaks are lower than those from GMPCE,
and the tails of AE PDFs from LRA are fatter. This means that the errors of LRA in
estimating the mean of frequency responses will fluctuate in a relatively large range
compared with GMPCE. And for Std. of frequency responses presented in Fig. 4.9(b)
and Fig. 4.9(d), the peaks of AE PDFs from GMPCE are much higher and closer to 0
compared with those from SPCE and LRA, which means that the Std. curves from
GMPCE are closer to those from MCS, as drawn in Fig. 4.8(b) and Fig. 4.8(d).
Moreover, for PDFs of frequency responses, it can be clearly observed that AEs of
frequency response PDFs from GMPCE are much smaller than those from SPCE and
LRA, as presented in Fig. 4.10, and the shape differences of frequency response PDFs

from GMPCE are also smaller, as illustrated in Fig. 4.11(b) and Fig. 4.11(d). These
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results indicate the high accuracy of GMPCE in estimating the moments and PDFs of

frequency responses of the large-scale power system with numerous uncertainties.
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Fig. 4.9 (a) AE PDF of fy,(¢#) mean; (b) AE PDF of fy,,(¢) Std.; (c) AE PDF of

fwa(t) mean; (d) AE PDF of fy.(¢) Std..
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Fig. 4.10 AE of fy,,(¢) PDF from (a) SPCE; (c) LRA; (¢) GMPCE; AE of fy.1(¢)

PDF from (b) SPCE; (d) LRA; (f) GMPCE.
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4.4 Summary

In this chapter, firstly, a generic transformation based on ICA is proposed to
transform uncertainties with complicated correlations into independent ones. Secondly,
GMPCE is proposed to quantify the system frequency response in an efficient manner,
the polynomial construction of which is suitable for uncertainties with arbitrary
probability distributions. And GMPCE has the sparse structure and thus avoids the
curse of dimensionality, thereby being capable of tackling large-scale uncertainties. The
results of case studies demonstrated the superiority of the proposed method in accuracy

and efficiency.
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Chapter 5 Comprehensive Uncertainty Quantification
for Frequency Stability Considering Different Timescale

Characterizations of Uncertainties

5.1 Introduction

Chapter 2-Chapter 4 focus on PFSA, i.e., the impact of STCUs on power system
frequency stability, which is also the concerned issue in most existing studies on UQ
for frequency stability of power systems. However, the specific choice of the timescale
characterization of uncertainties is based on focused tasks and nature of uncertainty
sources. FTCUs may be used in UQ of power system stability, which need to be
considered together with STCUs simultaneously to ensure accurate UQ results. And
there is a lack of an effective method capable of addressing STCUs and FTCUs, which
is in a pressing need. To fill the research gap, this chapter proposes a comprehensive

UQ method for frequency stability considering STCUs and FTCU .

5.2 Different Timescale Characterizations of Uncertainties and Their
Transformations
5.2.1 Slow Timescale Characterizations of Uncertainties

STCUs refer to the randomness of steady-state operating points of uncertain
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sources varying with time slowly and infrequently, the values of which are considered
to be constant in the dynamic response during a short time generally. Thus, STCUs can
also be regarded as the randomness of initial values. Normally, STCUs can be treated
as random variables. For the independent random variable &, , PDF pg (&) can be
adopted to characterize the probability of them. Also, some STCUs may be correlated,
for example, wind speeds of wind power generations with close spatial distance [27].
The PDF  pcope, o (Eety Eeay ooy Eg) of correlated random variables &, &, -, &

with correlation matrix g, . can be modeled by the Copula function as [109]

Pcopéerc (501 ) é:c’z 5Ty é:cG)
= aGwpﬁcl—G ((p71 (501 )a ¢71 (5“2 )9 ) (071 (chG )) ¢ (5 1)
PGP ) O (Ee) AP &)

where p.() is the marginal PDF. P.() denotes the integral of p.(-). ¢ represents
the Gaussian generator function of Copula. G is the number of correlated random
variables.

Since only the independent random variables are acceptable for the PCE-based
UPA method, the correlated random variables & should be transformed into the
independent ones ¢,, where Cholesky decomposition is applied [109] to obtain the
transformation matrix Cg, as

g =C:Cl (5.2)
where g, is the correlation matrix of &,.

&, can be derived as

£ =C,¢. (53)

5.2.2 Fast Timescale Characterizations of Uncertainties
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FTCUs focus on the time-varying characteristics of uncertain sources varying
rapidly and frequently during a short time. In power systems, it is usually modeled as
the SDE with standard stochastic processes [125].

dS, = us, (Ss)dt + o, (S,)dS; (5.4)
where S, is the dynamic stochastic process. x.(-) and o.() are drift and diffusion
terms, separately. S, is the typical stochastic process. When S, is a continuous
FTCU, §, is often selected as the Winner process W, , which can be used to model the
fluctuation of RPG [112], error in measurement, and noise in communication [127].
When S; is a discrete jump FTCU, §, can be described by the compound Poisson

process C, [114]
C=) (5.5)

where N, is the Poisson process, ¢; denotes the independent identically distributed

random variable.

5.2.3 Transformation of Fast Timescale Characterizations of Uncertainties to Slow

Timescale Characterizations of Uncertainties

The modeling form in (5.4) cannot directly match the PCE-based UPA method.
Taking uncertainty modeled by the Winner process as an example, W, has the
characteristic that the values in the current time and those in the historical time follow
a Gaussian probability distribution. In every time step, a new random variable will be
introduced. If PCE-based methods are directly adopted to approximate the system

response, the number of random variables to be considered equals the concerned system
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response duration divided by the step length. This will result in the curse of
dimensionality, leading to the failure to obtain the expected results in a limited time.
Thus, if we want to retain the time-saving advantage of the PCE-based UPA method,
S: should be transformed into the form expressed by the limited number of independent
random variables.

It has been proved that the continuous Winner process W, , can be transformed as
(5.6) [99, 154]. And the approximation of W, can be derived by taking the first [y

terms of (5.6).

3 VT -1/t
W,_;%m_l/z)ﬂsm[ - ] (5.6)

where t€[0,T]. 7 1is the concerned period of system dynamics. &y, is the
independent identically distributed random variable.

Thus, the main work in the following is to transform the compound Poisson
process C; into the superposition of random variables.

According to Karhunen-Lo¢ve expansion (KLE) and Mercer’s Theorem [155], if
a stochastic process 7(¢) on the interval t€(0,7) with a mean g, (¢), a bounded
variance o,(t), and a bounded, symmetric, and positive definite covariance function

K, (s,t), r(t) can be obtained as

r(t) = (1) + i Enlnen (D) (5.7)

where A. is the nonnegative eigenvalue of eigenfunction e.(f), and items are arranged
in descending order according to the value of A.. &, is the independent random

variable.
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Additionally, the wvariables and functions in (5.7) satisfy the following

relationship.

IOT K, (S’ l)e,, (S)dS = A.e, (t)
J-Or et (s)ds =1 ) (5.8)

o == [0 R0
Assume that the mean and the variance of ¢, are . and o, and the parameter
of Poisson process N, is oy . For the compound Poisson process C,, the mean ¢ (2)
and variance o¢(f) can be derived according to the double expectation theorem:
pe(t) = peont, oc(t) = (4 +o2)ont. (5.9)
Equation (5.9) indicates the existence of uc(f) and oc(¢) . Also, due to
te(0,T), oc(t) is bounded. Moreover, according to (5.9), the covariance function
Kc(s,t) can be derived as
Kc(s, 1) =(u? +c2)oy min{s,t} + poyst. (5.10)
Due to 5,£€(0,7) and oy >0, Kc(s,t) is bounded, symmetric, and positive
definite. Thus, (5.9) and (5.10) indicate that compound Poisson process C; can be
expanded as the form of (5.7).

Substituting (5.10) into the first equation of (5.8), it can be transformed as

(12 +0l)on J-; se,(s)ds

. . (5.11)
+(a2 +02)oxt| e (s)ds+ 2oit] se,(s)ds = Mne (1),
The derivation of (5.11) with respect to # can be obtained by
T T
(112 +02)oy j e, (s)ds + 203 jo se,(s)ds = Ade,(t)/ dt. (5.12)

The derivation of (5.12) with respect to # can be computed as
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Aud?e,(t) ] dt + (1 +02)oye,(t) = 0. (5.13)

The general solution of (5.13) can be derived as

ex(£) = cun sin[ /@r]mn cos| /@t]. (5.14)

where ¢, and c;, are undetermined coefficients.

According to (5.11) and (5.12), the boundary conditions can be calculated as

e,(0)=0
: 5.15
de,(T)/ dt = 12c% jOT sen(s)ds | 2 (5.15)

Substituting (5.15) into (5.14), ¢, and A, are derived as

Con :0

2 2
tan[ (lug +0¢ )O_N T]
V An
2 2 2 2 ‘ 5.16
— ’(/ug+O—g)O'N(T+,ug2+O-§):O’ug¢O (5.16)
A H:ON

2
T
2"1:GN|:L:| ,/Ug:O
VA

Substituting (5.14) and (5.16) into the second equation of (5.8), ¢, is computed

as

e #0
- (1 +02)oy
2T - | —————sin(2,[-————T
Cin = \/ (12 +ol)oy ( ) (5.17)
2
Zou=0
\/; He
Thus, C, has the following transformation form as
S | +ad)oy
HONE+ Zé:Cn ﬂ,, Cin Sln[ ﬂ—t]’ He # 0
C = n=l " (5.18)
. o.N20vT . (n—=1/2)mt
S o, 2O G (LD )

= (n-1/2)r T

where the distribution of independent random variable &¢, can be derived according
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to the third equation of (5.8).

The approximation of C; can be derived by taking the first /¢ terms of (5.18).
After substituting the truncated (5.6) and (5.18) into (5.4), the number of the
introduced random variables will not increase with the number of simulation steps,
which can alleviate the curse of dimensionality when applying the PCE-based UPA

method.

5.3 Uncertainty Propagation Analysis with Different Timescale

Characterizations Based on Scalable Polynomial Chaos Expansion

Due to the time-saving advantage of the PCE, the UPA in this chapter is based on the
PCE. PCE-based UPA adopts a truncated series of orthogonal polynomials associated with
the probability distribution of & to approximate the relationship ¢(-) between the
independent random variables & =[&, &, -, &y, ] (short for & =[&, Eiayovy &, 1),
where N: is the number of independent random variables, and the concerned system
outputs z. z can be chosen as the system responses or the stability indices. The PCE

model can be derived as
2=q(@) =Y api () ~£=0(&) = 3 api(© (519

where N, is the truncated number. a; denotes the undetermined coefficient.
Polynomialy; (&) is the tensor product ® of polynomial chaos basis ¢ (<)

vi(6)=4(G) ®4(5) O ®g(Sn. ). (5.20)

Thus, the design of the PCE-based uncertainty propagation analysis method is to
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determine polynomial chaos basis ¢ (&) and coefficient a;.
5.3.1 Construction of Polynomial Chaos Bases for Arbitrary Distributions

The forms of polynomial chaos bases are determined by the probability
distributions of random variables. The conventional construction of polynomial chaos
bases is only suitable for some typical probability distributions listed in the Askey scheme
[156]. However, there are still some typical probability distributions not included in the
Askey scheme, for example, the Weibull distribution. Moreover, after KLE or the
transformation of correlated random variables into independent ones, random variables
may not follow any typical probability distributions. And the actual data of random
variables can be complicated and cannot be characterized by existing probability
distributions accurately. Thus, the Askey scheme is not applicable to these random
variables. To tackle the above situation, a generic construction principle of polynomial
chaos basis associated with the independent random variable &, PDF of which is p:(¢),
is given as follows.

The j-th order orthogonal polynomial ¢ ;(&) can be expressed as

(&) =ap+aé+al®+-+a T+ E (5.21)

According to orthogonality, there is

f¢i,.f(§)¢i,z (S)pe(5)ds =0,0<1< . (5.22)

Substituting /=0,1,2,---, -1 in turns into (5.22), o, @, -, @;; can be

derived sequentially.

The above computation procedure can be summarized as
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[av, cu, o, @] =B [, 72,0, 11 (5.23)
where B = () . Bu = p(&)EdE 1<k, 1< j
v ==[ pe(£)EdE 1<k <.
In the actual conditions, the sampled historical data of £ may be available, not PDF

p:(&) . Then, the expression of Sy and y; will be the summation form of sampled data.

5.3.2 Scale Reduction of Polynomial Chaos Expansion and Computation of Coefficients

of Polynomial Chaos

According to (5.19) and (5.20), the number of undetermined coefficients of the

full-order PCE is
N, =(N,+N,)//(N.!N,") (5.24)
where N, denotes the order number of expansion.

According to (5.24) and [97], if the normal method for calculating coefficients is
applied, N, samples are required at least to obtain a PCE model with acceptable
accuracy. However, N, will increase rapidly with the rise of N:. Moreover, when
FTCUs are considered, multiple random variables will be introduced based on KLE.
Thus, the number of undetermined coefficients is required to reduce to avoid the curse
of dimensionality under the premise of ensuring the accuracy of the UQ method.

Since the low-order interactions of inputs usually lead to the main effects
compared with the high-order interactions [157], hyperbolic truncation is applied to

remove the items of high-order interactions.

Ne 1
Vi oy = O v < N, (5.25)
=1
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where v;; is the order of random variable & in ¢(&). ¢ denotes the truncation
coefficient. When ¢, =1, (5.25) has the same expression of the full-order PCE.

After the preliminary truncation, the orthogonal polynomials (&) with the
relatively main effect on the output are selected. To further reduce the number of
undetermined coefficients, least angle regression (LAR) [158] is applied. Before the
selection of (&), random variables are sampled based on LHS [103] to improve the
sampling efficiency, forming the sampled dataset &.y,,, where N, is the number of
sampled data. The procedure of selecting ;(£) based on LAR can be summarized as
follows.

1) Initialize ao, a1, -, ay,-1 =0, and define the initial candidate set I'. as
{wo(€),wi(&), -, wn,~1(£)} and the initial selected set I’ as .

2) Calculate the correlation function C,(w(&))=w'(z—2) and move (&)
with largest C, from I'. to I.

3) Diagonally move coefficients of orthogonal polynomials in I’y until there is
an orthogonal polynomial (&) in I'., the correlation function of which equals to the
sum of the correlation function in I';. And move (&) from I'. to I'.

4) Compute the LOO error &100 of 2. The LOO error can be obtained as [141]

N Ny
100 = ) (F0 Z""’)Z DICHEE LS ) (5.26)
m=1

m=l Y k=1

where d,, is the m-th element in d = diag(w(w'v)'v").
5) Repeat Step 3)-Step 4) until the number of orthogonal polynomials in I

equals to min{N,, N, —1}. Then, select I'; with the lowest €00 as the selected
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orthogonal polynomials.

After conducting the (&) selection procedure, the number of undetermined
coefficients has been reduced, which will not continuously increase with the number of
STCUs and FTCUs. Thus, the curse of dimensionality is avoided, thereby indicating
that the proposed method can be feasible when the number of STCUs and FTCUs is

large. And the undetermined coefficients can be calculated by minimizing the

Ns
estimation error of the PCE Z (Zmy = Zm)*

m=1

After calculating coefficients, the mean g: and the variance o of 2 can be

determined as follows:

Np—1
p:=an, 0t = Y a?Ely? (£)) (5.27)
i=1

Moreover, the estimated PDF p:(Z) of 2 can be derived based on KDE as

132(2)=ZKPK[(2—2<m>)/bK]/(NKbK) (5.28)

m=l

where Nk is the sample number of KDE. px denotes the kernel function, which is
selected as the Gaussian kernel. by represents the bandwidth, which can be

determined via 1.060:Ng"* [98].

5.4 Uncertainty Sensitivity Analysis with Different Timescale

Characterizations Based on Analysis of Variance

Sensitivity analysis of power system dynamics under STCUs and FTCUs aims to

quantify the impact of uncertainties on system stability indices and identify the critical
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uncertainties. In this thesis, frequency stability is considered as an example, where FN
and RoCoF are selected as the frequency stability indices, but the proposed method is not
limited to the frequency stability issues.

ANOVA is applied to conduct sensitivity analysis. For random variables
E=[&,& ], where & are the rest of the random variables of & apart from & . The
total variance D.(z) of z can be derived as [159]

D.(z) =Dy [Eg (z|$)]+Es[Dg (2] )] (5.29)

Equation (5.29) can be transformed into

1=D, D, (2| &)1/ D.(2) +E4[Dg, (2| £)1/ D. (). (5.30)

The first item of (5.30) is the first-order sensitivity index (FSI) S; of &. The
second item of (5.30) is known as the total SI of & . S indicates the impact of &
on z.Normally, S; is calculated based on the time-consuming MCS [109, 160]. To
save calculation time, the proposed PCE-based UPA method in Chapter 5.3 is applied
to estimate S . Assuming that & =[&D ED] and £ =[&P), ] are two
independently sampled data of random variables and the response are z“) and z(®),

respectively, the estimated FSI iz, can be calculated as follows.

Nsi

E:(2)= D GI(ESN Ny

m=1
Nt

D:(2) =Z &S] Ny —E:(2)° (5.31)

D§1 (2) = zq v(g((rg;) v(gl(C(;er), 1(?,2,,)) /NSI _Ef (2)2
m=1

Sz =D (2)/D:(2) (5.32)

where Ny is the number of sampled data in G, or G,. Vv(.) represents the

122



transformation from independent random variables to the dependent presented in
Chapter 5.2.1.

The overall procedure of the comprehensive UQ method for power system frequency
stability considering STCUs and FTCUs proposed in Chapter 5.2-Chapter 5.4 is
summarized in Fig. 5.1. From Fig. 5.1, the inputs of the proposed UQ method are
uncertainties, as external excitations, which are not affected by the inner structure of
power systems. Thus, the proposed method is nonintrusive, the complexity of which is

not affected by the structure of power systems.

Uncertainty modeling
and transformation

Types of uncertainties

Independent Dependent Continuous Discrete
STCUs STCUs FTCUs FTCUs v
Obtain PDFs| [Obtain PDFs in | | Obtain SDEs in | [ Obtain SDEs in
the form of (5.1)[ |the form of (5.4)| |the form of (5.4)
Transform into | [Transform into| [Transform into
independent ones| | the form (5.6) | [the form (5.18)
based on (5.3 based on KLE
y¢
Uncertainty Conduct LHS for random variables and
propagation obtain system responses and stability indices
analysis

Random variables
in Askey scheme

Build polynomial chaos basis
based on Askey scheme

/
| Apply hyperbolic truncation in
(5.25) to move high-order items

No
Build polynomial chaos basis
based on (5.23)

Reduce the scale of PCE based
on LAR and LOO error in (5.26)

Calculate coefficients by
minimizing the estimation error

Acquire means and Compute PDFs based on
variances based on (5.27) KDE in (5.28)
1@
Uncgr‘ta'inty | Sample two groups &°°, &% |
sensitivity
analysis

[ Calculate FSIs based on (5.32) |

End

Fig. 5.1 Overall procedure of the comprehensive UQ method for power system

frequency stability considering STCUs and FTCUs.
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5.5 Case Study

5.5.1 Example System

Numerical results are conducted on the IEEE 39-bus benchmark system [21] to
demonstrate the performance of the proposed UQ method. The simplified three-order
synchronous generator model and first-order automatic voltage regulator model are
utilized for simulations [30]. The concerned period of system dynamics is setas 7 =10s
[97]. Eight STCUs and FTCUs of active power are injected. Ones at the buses with loads
reflect uncertainties of loads, while others simulate the generation uncertainties. The
uncertainties of PVs with slow and infrequent variations are modeled as STCUs formed
by Beta distributions [103]. The uncertainties of WPGs with rapid and frequent
fluctuations are modeled as FTCUs formed by SDEs with Wiener processes [112]. The
uncertainties of loads with slow and infrequent variations are modeled as STCUs formed
by Gaussian distributions [7], whereas those with rapid and frequent fluctuations are
modeled as FTCUs formed by SDEs with compound Poisson processes [114]. The

schematic and the detailed parameters are illustrated in Fig. 5.2 and Table 5.1, respectively.
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Fig. 5.2 Schematic of IEEE 39-bus system with STCUs.

Table 5.1 Parameters of uncertainties

Uncertainty

Bus No. Types Parameters

characteristics

2,19 PV  Independent STCU ¢&.~2xBeta(2,3), pg =0.7

5,9 WPG Continuous FTCU Uz =—0.01, oy =2

8,20 Load Dependent STCU &, ~Gaussian(0, 1)
/Llﬁv =07 Ggs =2’
21,24 Load  Discrete FTCU N, ~Poisson(0.6),

¢ ~Gaussian(0, 0.2%)

5.5.2 Transformation Validation of Fast Timescale Characterizations of Uncertainties

Accurate transformation of FTCUs is the premise to ensure the effectiveness of
UQ. Hence, the performance of FTCU transformation is verified firstly, where the root-

mean square error (RMSE) [111] is introduced to compare the error of transformation.
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The numerical results of the continuous Winner process W, and discrete jump
compound Poisson process C, are presented in Fig. 5.3. As illustrated in Fig. 5.3(a)
and Fig. 5.3(b), RMSEs keep reducing with the increase of the expansion order, which
indicates that the higher the order of expansion is, the closer the transformation result is to
the actual FTCUs.

3

x 10 x 10

3
2.4}
1.8}
1.2
0.6}

RMSE

0 0

0O 10 20 30 40 50 0O 10 20 30 40 50
Order Order

(a) (b)

Fig. 5.3 (a) Change of RMSE with expansion order of W, ; (b) Change of RMSE with
expansion order of C;.

Moreover, to further quantify the errors of FTCU transformation, the PDFs of
RMSE with different expansion orders are compared in Fig. 5.4. From Fig. 5.4(a) and
Fig. 5.4(b), the PDF of RMSE with a higher expansion order has a thinner tail, which
demonstrates a smaller variance. The decreasing variance and mean of RMSE with the

increase of expansion order indicate the effectiveness of the proposed in the approximation

of FTCUs.
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Fig. 5.4 (a) PDF of expansion RMSE of W, ; (b) PDF of expansion RMSE of C,.
Although using a high-order expansion will increase the accuracy, considering the
computation time in the subsequent quantification, a relatively low-order expansion is
more suitable under the premise of ensuring accuracy. From Fig. 5.5(a) and Fig. 5.5(b),
5-order and 10-order expansions are already close to the actual fluctuation of W, and
C,, respectively. Thus, Iy =5, Ic =10 are chosen as the expansion order of W, and

C, in the following calculation.

0.6 Original —-—-—-—- S-order 20-order
............... 10_0rder _-_-_-_.SO_Order
L Y So
Rt
£-0.05 :
S 0.1 oM eI T
i V] A i | -
-0.15}0.08
3,.32,34
0 2 4 6 8 10
Time (s)
(a) (b)

Fig. 5.5 (a) Fitting results of W, ; (b) Fitting results of C,.

5.5.3 Comprehensive Uncertainty Quantification Considering Different Timescale

Characterizations of Uncertainties in Analyzing Frequency Stability

The proposed method is applied to conduct the frequency stability analysis where
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the generator with the largest output power is tripped from 0.1s. The results of 5000
times MCSs are considered as the baseline to present the performance of the proposed
method [27]. The parameters are set as follows: ¢, =0.8, N, =3, Nx =Ng =5000,
N,; =200 [103]. Also, the results of Halton QMCS and Sobol QMCS are presented to
compare with the proposed method, the sampled data number of which is selected as
500. The PDF results of FN and RoCoF are presented in Fig. 5.6, and the performance of
the proposed method is listed in Table 5.2. From Table 5.2 and Fig. 5.6, the maximal
errorof e, and e, is5.44%, whereas that of Halton and Sobol are 10.39% and 9.04%,
respectively. Compared with Halton and Sobol, PDFs calculated by the proposed
method have higher overlaps with the actual PDFs. And the computation time of the
proposed method is shortened by more than 25 times than MCS and more than 2.5 times
than Halton and Sobol, showing the accuracy of the proposed method in quantifying

frequency stability indices affected by uncertainties and the time-saving merit.

20[{ — MCS --—- Halton - Sobol — — Proposed method
24 24
15 15 1 2 :
N2
= 4 2 ! 4 \\'\ \\
A {1 A i \ -
oW 10 496 4964 m~ 12 __-';' 11024 -0.23
a1 3
5 1 6 i’:l 3
4 N\
0 0 -
4948 4955 4962 49.69 -032 -027 -022 -0.17
FN (Hz) RoCoF (Hz/s)
(a) (b)

Fig. 5.6 PDF results of frequency stability indices: (a) PDF of FN; (b) PDF of RoCoF.
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Table 5.2 Performance of different methods in the calculation of frequency stability

indices
Method e, (x107%) e, (%) ts (s) tv (s) tr (s)
MCS — — 4181.66 — 4181.66
Halton 2.34 10.39 413.66 0.31 413.97
Sobol 3.03 9.04 413.70 0.47 414.17
Proposed method 0.05 5.44 160.26 3.67 163.93

Similarly, quantification results of the dynamic response of f,, affected by

uncertainties are computed and shown in Fig. 5.7. From Fig. 5.7(a), the curve of the

mean of f;,, calculated by the proposed method and that obtained from the MCS are

nearly overlapped. Moreover, the MAPE PDF of the mean of f,,, derived from the

proposed method has a thinner tail and taller peak close to 0 compared with those from

Halton and Sobol. Although the MAPE PDF peaks of the Std. of f, from the

proposed method, Halton, and Sobol are near, the PDF tail from the proposed method

ends closer to 0. Thus, the proposed method presents a higher accuracy in quantifying

the total trend of £, .
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Fig. 5.7 Statistical results of frequency: (a) Mean of f,; (b) Std. of f,,,; (c) MAPE of
mean of f5,; (d) MAPE of Std. of £, .

Besides, the PDFs of f,,, are calculated based on the proposed method. For
saving space, f,s at t=3s and ¢=6s are presented in Fig. 5.8(a) and Fig. 5.8(b)
as examples. From Fig. 5.8, the PDFs of f,, at different time points from the
proposed method also have a higher overlap than those from Halton and Sobol,
indicating the good performance of the proposed method in quantifying f, at

different time points.

130



— MCS e Halton —---Sobol - - Proposed method

24 I T 20
18 15
= = 10
ol 12 o=
6 5
0 | O P
496 49.66 49.72 49.78 49.5 4958 49.66 49.74
fsys at t = 3s (Hz) fsys at t = 6s (Hz)
(a) (b)

Fig. 5.8 (a) PDF of f,, at3s;(b) PDF of f,, at®6s.

Finally, the sensitivities of FN and RoCoF with respect to uncertainties are
calculated to quantify the impact of uncertainties on the frequency stability. Table 5.3
and Fig. 5.9 present the performance and results of the proposed method in calculating
the FSI of FN and RoCoF separately.

Table 5.3 Performance of different methods in the FSI calculation of frequency

stability indices
Method €Frs1 (><10'2) tr (S)
MCS — 18834.11
Halton 13.11 1880.08
Sobol 17.69 1880.76
Proposed method 2.01 17.91
04 T s
== M(CS == Halton == Sobol == Proposed method
0.3 3
Z S 0.2}
502 e
% 0.1
LT-G — .
0.1 gi
0 0
1 2 3 45 6 7 8 1 2 3 4 5 6 7 8
No. of ulzcirtainties No. of uncertainties
a

Fig. 5.9 FSI results of frequency stability indices: (a) FSI of FN; (b) FSI of RoCoF.
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From Table 5.3, the calculation time of the proposed method is reduced by more
than 1000 times compared to that of MCS and more than 100 times compared to that
of Halton and Sobol. Although there is a deviation between the FSIs of STCU and
FTCU in Bus 9 and 20 estimated by the proposed method and those based on the MCS
in Fig. 5.9(a), since these FSIs are tiny, the same results can be obtained from the
proposed method and the MCS, i.e., STCU and FTCU in Bus 9 and 20 have little effect
on the FN. Besides, the maximal RMSE of frequency stability indices of the proposed
method is 0.0201, which is much lower than those of Halton (0.1311) and Sobol
(0.1769), illustrating the effectiveness of the proposed method in frequency stability
analysis. Moreover, from Fig. 5.9, for FN, the STCU in Bus 2 has the highest FSI, and
FSIs corresponding to FTCUs in Bus 21 and 24 also have relatively high values. Apart
from them, STCU and FTCU in Bus 19 and 5 also affect FN, and the impact of others
is limited. For RoCoF, all FSIs corresponding to STCUs and FTCUs have relatively
remarkable values, which indicates that all STCUs and FTCUs affect RoCoF and
frequency stability, and among them, the STCU in Bus 2 has the most serious impact.
Thus, the results also reflect the limitation of only considering the STCUs or FTCUs in
current research. Both the STCUs and FTCUs have a significant impact on system
stability. Considering only one timescale characterization type of uncertainties is
inaccurate and not in line with the actual operation state of power systems. Thus, it is

necessary to consider STCUs and FTCUs in the dynamics of power systems.

5.6 Summary
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In this chapter, firstly, STCUs are formulated by probability distribution methods.
FTCUs formulated by stochastic processes are approximated by the superposition of
the finite number of STCUs based on KLE so that STCUs and FTCUs are firstly
transformed into a unified form modeled by probability distribution methods. Then, to
effectively quantify the relationship between the power system frequency stability and
STCUs and FTCUs, the scalable PCE is proposed. Moreover, sensitivity analysis is
conducted to study the impact of STCUs and FTCUs on power system frequency
stability. The results of case studies demonstrate the effectiveness of the proposed
method and reveal the necessity of considering STCUs and FTCUs in UQ for power

system frequency stability.
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Chapter 6 Conclusions and Suggestions for Future

Research

6.1 Conclusions

Since sustainable development has become a widespread concern recently, RPGs
have been widely installed in power systems, which contributes to the high penetration
of renewable energies in modern power systems. However, the uncertainties of RPGs
and the decreasing inertia of power systems caused by the integration of large-scale
RPGs degrade the power system frequency stability. And there is a pressing need to
quantify the impact of RPG uncertainties on frequency stability. Therefore, this thesis
proposes a series of UQ methods for frequency stability, the conclusions of which are
drawn as follows.

1) Study on PFSA Considering Dynamics of RPGs with Different Control
Strategies

(1) When considering different control strategies of RPGs in frequency response,
the RPGs with VSG-based grid-forming control strategy can provide inertia to the
system, while RPGs with conventional grid-following control strategy cannot, thereby
changing the frequency response of the system. Thus, considering the different control

strategies of RPGs is necessary for PFSA.
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(2) When considering the dynamics of RPGs in frequency response, the explicit
solution of FN/FV and RoCoF time of the SFR model no longer exists. Thus, the closed-
form relationship between frequency stability indices and outputs of RPGs cannot be
derived. The difficulty of analyzing probabilistic frequency stability increases, and a
novel UPA method is required.

(3) The simulation results illustrate that two PDFs with the limited number of
similar moments may have significant differences in shapes, while PDFs with similar
shapes may also have great differences in their finite number of moments. Thus, even
if the finite moments calculated by moment-based methods are within an acceptable
error range, the accuracy of PDFs generated by moment-based methods cannot be
guaranteed, which is the limitation of moment-based UPA methods. By comparison, the
proposed MIS-MELRA is an approximation method, avoiding the limitations of
moment-based methods.

(4) The proposed MIS-MELRA can effectively analyze the frequency stability
considering the dynamics of RPGs. The utilization of LRA contributes to the proposed
method being suitable for large-scale uncertainty analysis. The proposed MIS greatly
reduces the simulation time, while the introduction of ME considers different trends of
frequency response, thereby improving the accuracy of PFSA.

2) Study on PFSA Considering WEs of WFs

(1) Compared with the numerical uncertainty propagation analysis methods, the
proposed MOGPR greatly improves the efficiency of PFSA. Compared with GPR,

MOGPR can simultaneously analyze the probabilistic stability of system frequency and
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area-level frequency and consider the relationship among them with higher efficiency
and accuracy. Compared with other approximation methods, both MOGPR and GPR
only require sampling data, which are more suitable for analyzing uncertainties with
complicated correlations, including the WEs of WFs.

(2) Compared with conventional analytical WE models, the proposed WE model
considers multiple factors, which can reflect the WEs of WFs more realistically and can
be easily integrated into PFSA. Also, the time cost of the proposed model is greatly
shorter than that of the frequency response simulation, which is suitable for PFSA.

(3) The impacts of multiple factors related to WEs on PFSA are studied. The results
of case studies reveal that the change of the wind direction, the terrain, and the layout
will contribute to the change of the WE strength. And a lower wind speed deficit and a
higher level of nature wind speed will lead to higher WPG penetrations, more obvious
power fluctuations of WTs, and more distributed PDFs of frequency stability indices,
increasing the probability of frequency in high and medium-risk regions of instability.

(4) The necessity and significance of considering the WEs of WFs in PFSA are
revealed based on case studies. The ignorance of the WEs of WFs in PFSA will result
in a higher probability of frequency instability, which is inaccurate and leads to a
conservative frequency regulation strategy and increased frequency reserve costs. To
mitigate the degradation of probabilistic frequency stability caused by WPG
uncertainties considering WEs, additional frequency regulation control for WTs can be
adopted based on PFSA results.

3) Study on PFSA Aiming at Frequency Response Trajectories
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(1) A generic transformation method for correlated uncertainties based on ICA is
proposed, which can effectively transform uncertainties with complicated correlations
into independent ones. Thus, it can be integrated into other PCE-based UPA methods,
which require independent uncertainties as inputs.

(2) The proposed GMPCE has multiple outputs and thus can quantify the
frequency response trajectory at different time points simultaneously, which greatly
improves efficiency. Additionally, GMPCE possesses other merits, i.e., being
applicable to uncertainties with arbitrary probability distributions and avoiding the
curse of dimensionality. It can be expected that GMPCE can be applied not only in
system dynamic response trajectory at multiple time points but also in multiple
concerned system indicators.

4) Study on Comprehensive UQ for Frequency Stability Considering
Different Timescale Characterizations of Uncertainties

(1) FTCUS formulated by stochastic processes can be approximated by the
superposition of the limited number of STCUs formulated by probability distribution
methods based on KLE. Thus, STCUs and FTCUs can be expressed by only applying
probability distribution methods without stochastic process methods.

(2) The proposed UQ method is based on the scalable PCE, which is suitable for
uncertainties with arbitrary distributions and can prevent the curse of dimensionality.
Additionally, sensitivity analysis provides a reference for locating the uncertainties that
significantly affect the system dynamics. The numerical results of case studies illustrate

that the proposed method has high accuracy and significantly reduces the computation
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time. Moreover, the results of sensitivity analysis indicate the necessity of considering
the STCUs and FTCUs in the frequency stability of power systems.

(3) The proposed UQ method has wide applications in power system dynamics
since most of the uncertainties in power systems can be formulated as STCUs or FTCUs.
In addition, the frequency stability issue conducted in the case studies is just an example
scenario of the proposed UQ method, which can be extended to other stability issues

related to system dynamics.

6.2 Suggestions for Future Research

This thesis has proposed a series of UQ methods for frequency stability of
renewable penetrated power systems. To enrich the current work, the following research
topics are suggested and deserve to be investigated in the future.

1) Since the proposed methods are data-based methods, how to use less data to
achieve accurate analysis needs to be studied. Also, the improvement of robustness to
data quality and quantity, scalability to different types of uncertainties and system scale,
and accuracy guarantee within an acceptable range in different scenarios deserve to be
studied.

2) Apart from frequency stability, there are other stability issues of power systems
that need to be concerned. It is necessary to investigate the impact of uncertainties on
other stability issues and propose methods to quantify the impact on multi-stability

simultaneously.
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3) Studies in this thesis only focus on the frequency stability of AC transmission
power systems. Thus, UQ for other types of power systems is also necessary, such as
AC/DC systems, distribution systems, microgrids, and cyber physical power systems.

4) With the development of RPGs, apart from WPGs and PVs, novel forms of
RPGs have been gradually integrated into modern power systems. Developing
uncertainty modeling and quantification methods targeting these novel RPGs is one of
the research topics in the future. Also, specific combined impacts of STCUs and FTCU,
as well as their separate impacts, deserve to be further studied since only the
sensitivities associated with uncertainties are calculated in the thesis.

5) Studies in this thesis only give the impacts of uncertainties on frequency
stability, which is not enough to provide guidance for the system operators to tackle
these uncertainties. Hence, frequency stability enhancement strategies based on the
results derived in this thesis need to be developed.

6) System planning considering the frequency stability affected by RPG
uncertainties and the operational efficiency improvement of RPGs based on the
proposed methods in this thesis deserve to be investigated, for example, RPG siting,
sizing, and coordinated control.

7) Studies in this thesis only reveal the necessity of considering RPG dynamics in
PFSA. Thus, the comprehensive comparison on the impact of different control
strategies of RPGs on probabilistic frequency stability based on the proposed methods
in this thesis is needed, which could provide guidance in selecting the optimal control

strategy for enhancing probabilistic frequency stability.
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8) Apart from existing frequency stability indices, including FN, FV, and RoCoF,
inertia is one of the major factors affecting system stability and can provide additional
information to indicate system states related to frequency. Thus, novel frequency
stability indices associated with inertia deserve to be studied and designed to assist in

analyzing probabilistic frequency stability.
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