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Abstract

It is widely accepted that correct system modeling and identification are
among the most important issues power system operators face when manag-
ing instability and post-contingency scenarios. The latter is usually performed
involving special computational tools that allow the operator to forecast, pre-
vent system failure and take appropriate actions according to protocols for
different contingency cases in the system. To ensure that operators make
the correct simulation-based decisions, the power system models have to be
validated continuously. This thesis investigates power system modeling, iden-
tification and validation problems that are formulated and based on data
provided by operators, and offers new methods and deeper insight into stages
of an identification cycle considering the specifics of power systems.

One of the problems this thesis tackled is the selection of a modeling and
simulation environment that provides transparency and possibility for un-
ambiguous model exchange between system operators. Modelica as equation-
based language fulfills these requirements. In this thesis Modelica phasor time
domain models were developed and software-to-software validated against
conventional simulation environments, i.e. SPS/Simulink and PSAT in MAT-
LAB.

Parameter estimation tasks for Modelica models require a modular and
extensible toolbox. Thus, RaPiD Toolbox, a framework that provides system
identification algorithms for Modelica models, was developed in MATLAB.
Contributions of this thesis are an implementation of the Particle Filter algo-
rithm and validation metrics for parameter identification. The performance
of the proposed algorithm has been compared with Particle Swarm Optimiza-
tion (PSO) algorithm when combined with simplex search and parallelized to
get computational speed up. The Particle Filter outperformed PSO when es-
timating turbine-governor model parameters in the Greek power plant model
relying on real measurements.

This thesis also analyses different model structures (Nonlinear AutoRe-
gressive eXogenous (NARX) model, Hammerstein-Wiener model, and high
order transfer function) that are selected to reproduce nonlinear dynamics
of a Static VAR Compensator (SVC) under incomplete information avail-
able for National Grid system operator. The study has shown that standard
SVC model poorly reproduces the measured dynamics of the real system.
Therefore, black-box mathematical modeling and identification approach has
been proposed to solve the problem. Also, the introduced combination of
first-principle and black-box approach has shown the best output fit. The
methodology following identification cycle together with model order selec-
tion and model validation issues was presented in detail.

Finally, one of the major contributions is a new method to formulate the
uncertainty of parameters estimated in the form of a multimodal Gaussian
mixture distribution that is estimated from the Particle Filter output by ap-
plying statistical methods to select the standard deviations. The proposed
methodology gives additional insight into power system properties when es-
timating the parameters of the model. This allows power system analysts to
decide on the design of validation tests for the chosen model.
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Sammanfattning

Det är allmänt accepterat att korrekt modellering och identifiering av
systemet är bland de mest viktiga utmaningarna som kraftsystemoperatö-
rer ställs inför när de hanterar scenarior med instabiliteter och oförutsedda
händelser. Det senare är vanligen hanterat med speciella beräkningsverktyg
som låter operatören förutse utvecklingen, förhindra systemkollaps, och utfö-
ra lämpliga åtgärder enligt de protokoll som finns vid olika systemhändelser.
För att försäkra sig om att operatörer tar de korrekta, simuleringsbaseda be-
sluten måste kraftsystemsmodellen kontinuerligt valideras. Denna avhandling
undersöker problem inom modellering, identifiering och validering av kraftsy-
stem, formulerade och baserade på data tillhandahållet av operatörer, samt
erbjuder nya metoder och fördjupade insikter i delar av en identifieringscykel
som beaktar kraftsystemets.

Ett av de problem som denna avhandling tar upp är val av en program-
miljö för simulering och modellering som ger transparens och möjlighet till
otvetydigt modellutbyte mellan systemoperatörer. Modelica är ett ekvations-
baserat programspråk som uppfyller dessa krav. I denna avhandling utveck-
lades enfasekvivalenter i Modelica som blev validerade mot konventionella
program för simulering, såsom SPS/Simulink och PSAT i MATLAB.

Parameterestimering i Modelica-modellerna kräver en modulär och ut-
byggbar verktygslåda. Därför har verktyget RaPiD Toolbox, som tillhanda-
håller systemidentifieringsalgoritmer för Modelica-modeller, utvecklats i MAT-
LAB. Bidrag från denna avhandling är en implementation av ett partikelfil-
ter (en sekventiell Monte Carlo-metod) och valideringsmetrik för parame-
teridentifiering. Prestandan i den föreslagna algoritmen har jämförts med
partikelsvärmoptimering (PSO) då den är kombinerad med simplexsök och
parallellisering. Partikelfiltret överträffade PSO när modellparametrar i turb-
inregulatorn i ett grekiskt kraftverk skulle estimeras utifrån verklig mätdata.

Avhandling analyserar också olika modellstrukturer (NARX, Hammer-
stein-Wiener-modeller, och överföringsfunktioner med höga ordningstal) som
används för att reproducera den ickelinjära dynamiken hos statiska reaktiv
effekt-kompenserare (SVC) vid ofullständig information som är tillgänglig för
systemoperatören National Grid. Undersökningen visar att den vanliga SVC-
modellen är dålig på att reproducera den verkliga, uppmätta dynamiken.
Genom att matematiskt modellera problemet som en svart låda har en iden-
tifieringsmetod föreslagits. Vidare, genom att kombinera modelleringen som
en svart låda med fysikaliska principer har givit den bästa anpassningen till
utdata. Metodologin för identifieringscykeln tillsammans med valet av modell-
komplexitet och svårigheter med modellvalidering har utförligt presenterats.

Slutligen, ett av de främsta bidragen är en ny metod för att formulera
osäkerheten i parameteruppskattningarna i form av en blandning av normal-
fördelningar med flera typvärden som estimeras med partikelfiltrets utdata
genom att använda statistiska metoder för att välja standardavvikelsen. Det-
ta ger kraftsystemanalytiker möjlighet att utforma valideringstest för den
valda modellen.
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Chapter 1

Introduction

"It’s maddening," Morran said, after a while. "This
thing has the answer to the whole universe, and he
can’t tell us unless we ask the right question. But
how are we supposed to know the right question?"

— Robert Sheckley, Ask a Foolish Question

1.1 Background

Power system is arguably the most complex system in the world. Its complexity
hinders to predict instability and post-contingency scenarios. The latter is usually
performed involving special computational tools that allow operator to forecast,
prevent and take appropriate actions (according to protocols) in case of contingency
in the system [25]. This assessment has to be running continuously evaluating the
current and future state of the system in each moment of time. It will ascertain
that the contingencies are predictable. This fact allows operators to be prepared
to manage it.

To this end the different simulation tools, being novel for power system simula-
tions in terms of relying on positive sequence based modeling, aimed to be exploited
for system’s security assessment. The performance of these tools depends on the
power system models’ accuracy. Accuracy of the device models is often an issue
between device supplier/owner and Transmission System Operator (TSO) [76], [39].
TSOs require not only as accurate models as possible, but also models which can
be used in positive sequence simulations of large power systems [74]. The latter
means that the power system components, the aggregate model, the power system
as a whole and their dynamic behavior have to be modelled as close as possible to
the real system behavior.

To reach this goal, measured data obtained from power system disturbances
using different recording devices, but especially from GPS time-synchronized phasor

1
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measurement units (PMUs) and high bandwidth model responses, can be used to
perform system identification and model validation of specific devices and their
aggregations [4].

1.2 Challenges in Power System Modeling and
Identification

A number of technical and conceptual issues related to identification and model
validation in power system analysis are the main driving forth of this work. These
issues can be listed as following:

• Data availability

• Modeling and model structure choice

• Model validation and uncertainty quantification

• Ambiguous modeling and model exchange

• Identification Toolkit

• Load aggregation

• Large dimensions and computational complexity

1.2.1 Data Availability
First, there is a lack of measurement data due to several reasons. Experimental
testing is limited as it requires the switching of components or part of the network,
which is costly. Thus, the advanced modeling, analytic, and simulation tools have
to be employed to get deeper insight into the system dynamics.

On the other hand, confidentiality issues are always present, so an operator may
be able to provide measurements, but not the model, or vice versa.

1.2.2 Modeling and Model Structure Choice
When there is a lack of measurements but the knowledge of the physical proper-
ties of the system is available, the best choice of the modeling way is the physical
principle-based. When measurements are available, but the model cannot describe
the dynamics that are present in the measurements, the mathematical model struc-
ture or, in other words, black-box modeling has to be used to solve the issue. Also,
a combination of both approaches is possible. It is called grey-box modeling in
system identification.
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1.2.3 Model Validation and Uncertainty Quantification

Even when the model and measurements are provided, there is always ambiguity
and uncertainty in this data. Some details about the grid components are not doc-
umented properly or are a trade secret. Therefore, the uncertainty quantification
in the model parameter space after performing system identification and parameter
calibration is important for power system analysts to make a decision on the valid-
ity of the model. In addition, this knowledge can be used for planning the power
system different kind of tests to get more measurements and validate the model.

1.2.4 Ambiguous Modeling and Model Exchange

The loss of information about the system is caused by the variety of modeling and
simulation proprietary tools that are used by TSOs. These tools lack transparency
to the level of equations and their parameters. This rises the issue of ensuring
unambiguous model exchange and simulation across different software platform for
power system operators.

1.2.5 Identification Toolkit

For comparison of the chosen model to the real system, the model outputs and
the corresponding system measurements have to have close match. Such coinci-
dence with the small error can be judged as a correct model behavior. To perform
such system identification step, a certain toolkit together with the guidelines has
to be available for a power system analyst. This toolkit originates from system
identification theory.

1.2.6 Load aggregation

Uncertainty and variability in load behavior challenges researchers to aggregate load
models. The correct load modeling is important to predict and control the balance
of the system. The failure of load modeling became an integral part of reasons for
the August 10, 1996 WSCC System Outage [51]. Additionally, the load aggregation
modeling can be utilized in large system models for research in providing ancillary
services.

1.2.7 Large Dimensions and Computational Complexity

Due to power system complexity, the power system models include a large num-
ber of parameters and states with non-linear components. Processing the large
dimensional model, especially for model and parameter identification brings forth
a computational complexity issue. The ways to deal with it are known from the
software engineering such as optimal coding and multi-core parallelization.
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1.3 Contributions of This Thesis

The focus of this research is to improve existing practices for modeling, identifica-
tion and model validation in power system society. In addition, the toolkit together
with the modeling environment for unambiguous modeling and model exchange is
studied. The novel approaches for model structure choice and uncertainty quan-
tification in power systems are introduced. The contribution of this thesis can be
classified into five domains that are presented in each separate chapter correspond-
ingly:

1. Power system modeling, software-to-software validation and model exchange
using Modelica and FMI technologies

2. RaPiD: A modular and extensible toolbox for parameter estimation of Mod-
elica and FMI compliant models

3. Model Structure Choice for a Static Var Compensator under Modeling Un-
certainty and Incomplete Information

4. Identifying Uncertainty Distributions and Confidence Regions of Power Plant
Parameters

5. Modeling and Aggregation of Thermostatically Controlled Loads for Voltage
Control-Based Ancillary Service

Each of the enumerated topics will be covered in the separate chapters in detail.
This chapter briefly describe the main points of the research made and summarized
in this thesis.

1.3.1 Power System Modeling, Software-To-Software Validation
and Model Exchange using Modelica and FMI
Technologies

The common problem that TSOs face in power system modeling is ambiguity.
Variety of power system modeling and simulation tools used by TSOs have restricted
access to the modeling mechanism due to "know-how" of the vendor. Due to this
fact, the loss of information about the system is caused when the models exchanged
between TSOs.

To solve this issue the usage of Modelica has been proposed in [18]. Support-
ing this idea, this thesis contributes to Modelica power system library develop-
ment. In addition, to ensure the unambiguous model exchange between simulation
tools, software-to-software validation has been performed between tools that sup-
port Modelica and FMI technology.

The results of modeling and and software-to-software validation of power system
component models in Phasor Time Domain for model exchange is discussed and
presented in Chapter 3. Also, more examples and discussion have been published
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in [8], [113], [54], [53]. The work has been carried out as part of FP7 EU iTesla
project [26], therefore, the conclusions on software-to-software validation has been
included into Deliverable D 3.1 Part II "Limitations of current modeling approaches"
[95]. This work has been recognized by European Network of Transmission System
Operators for Electricity (ENTSOE) as part of the contributions of Prof. Luigi
Vanfretti’s group [43].

1.3.2 RaPiD: A modular and extensible toolbox for parameter
estimation of Modelica and FMI compliant models

System identification techniques applied for model validation and involving param-
eter calibration play a major role in power system modeling [51], [36]. To fulfill
validation tasks, a certain toolkit together with the guidelines has to be available
for a power system analyst. This toolkit originates from system identification the-
ory, and therefore, has to be applied for power system modeling, identification and
validation tasks.

This thesis presents the RaPiD Toolbox that was developed for model parame-
ter estimation and model validation of power system models developed in Modelica.
The new toolbox has modular architecture and was released as open source under
LGPL 3.0 license [112].

The main contribution to the toolbox of this thesis will be described in Chapter
4 and Appendix C. It includes implementation of Particle Filter and its comparison
with Particle Swarm Optimization algorithm combining with simplex method. The
parameter identification has been performed for power system frequency controls in
Greek power plant model that has been modeled using Modelica for Phasor Time
Domain simulations. The model has been validated against real measurements from
staged tests.

In addition, Appendix C presents a multi-core parallelization approach imple-
mented in RaPiD’s particle-based algorithms that allows to perform concurrent
simulation of FMI-compliant models and other computations in MATlAB/Simulink.

The results of the parameter estimation using Particle Filter in combination with
other optimization algorithms for parameter identification have been published in
the following papers [105], [114], [53], [112], and the supervised master thesis [93].

1.3.3 Model Structure Choice for a Static Var Compensator
under Modeling Uncertainty and Incomplete Information

An insight into physical properties of a system that has to be modeled facilitates
to choose among collection of models those which possibly can reproduce that
properties. Nevertheless, this choice is the most important and most difficult of a
system identification procedure. This difficulty becomes a challenge when limited
information is available about the system - there is a lack of measurements, or
knowledge of the system components.
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This thesis presents the solution of model structure choice for Static Var Com-
pensator (SVC) modeling relying on National Grid measurements and limited in-
formation that was available about the system.

In Chapter 5 two approaches - physical principle-based and black-box mathe-
matical modeling (Nonlinear AutoRegressive Exogenous (NARX) [6], Transfer func-
tion [13], Hammerstein-Wiener model [60]) are studied, and their combination is
proposed.

The main results of the model structure choice for SVC modeling have been
published in IEEE Access journal [9].

1.3.4 Identifying Uncertainty Distributions and Confidence
Regions of Power Plant Parameters

Power system operators, when obtaining a model’s parameter estimates, require
additional information to guide their decision on a model’s acceptance. This infor-
mation has to establish a relationship between the estimates and the chosen model
in the parameter space. For this purpose, this thesis proposes to extend the us-
age of the Particle Filter (PF) as a method for the identification of power plant
parameters; and the parameters’ confidence intervals, using measurements.

Taking into consideration that the PF is based on the Bayesian filtering concept,
the results returned by the filter contain more information about the model and its
parameters than usually considered by power system operators.

In Chapter 6, the samples from the multi-modal posterior distribution of the
estimate are used to identify the distribution shape and associated confidence in-
tervals of estimated parameters. Three methods (Rule of Thumb (ROT), Least-
Squares Cross Validation (LCV), Plug-in method (HSJM)) for standard deviation
(bandwidth) selection of the Gaussian mixture distribution are compared with the
uni-modal Gaussian distribution of the parameter estimate. The applicability of
the proposed method is demonstrated using field measurements and synthetic data
from simulations of a Greek power plant model. The distributions are observed for
different system operation conditions that consider different types of noise. The
method’s applicability for model validation is also discussed.

The contribution is published in the interdisciplinary IEEE Access journal [10].

1.3.5 Modeling and Aggregation of Thermostatically Controlled
Loads for Voltage Control-Based Ancillary Service

Uncertainty and variability in load behavior become a challenge for researchers to
model load aggregation correctly. Resolving this issue allows to predict and control
the balance of the system by power system operators. The failure of load modeling
became one of a number of reasons for the August 10, 1996 WSCC System Outage
[51]. Additionally, the load aggregation modeling can be utilized in large system
models for research in providing ancillary services.
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This thesis discusses the possibility of providing voltage control-based ancillary
services using thermostatically controlled loads (TCLs). The idea to change the
voltage at the point of common coupling in order to control power consumption
of the TCLs through time had been validated. The main conclusion is that it is
possible to utilize the most common type of loads in the grid to provide ancillary
services. These services differ from usual demand response strategies that operate
on short to medium time scales.

In Chapter 7 the TCL loads modeling and aggregation for providing voltage
control-based ancillary services is proposed. In addition, a controller that regulates
the power consumption by minimizing the power consumption error signal and by
taking physical restrictions into account is developed. Voltage restrictions arise due
to the small window of voltage variability about the nominal value of the controlled
voltage. The capacitor bank switching interactions with motor and thermostatically
controlled loads are discussed.

The work has been published and presented in 2016 IEEE Power and Energy
Society General Meeting [11]. The journal paper that will extend the study is in
preparation.





Chapter 2

Main concepts: Modeling,
Identification and Validation

The "paradox" is only a conflict between reality and
your feeling of what reality "ought to be."

— Richard Feynman

2.1 System Identification Procedure

Receiving large amounts of data from recorders (DFRs and PMUs), an engineer has
to be able to reproduce the system’s and its components’ behavior. This attempt
to connect the measurements and other available information about a real system
is called modeling. More broadly, modeling is a part of the system identification
cycle (Fig.2.1) that deals with the problem of building mathematical model based
on the information available about the system [60]. The system identification cycle
includes 2 main parts: decisions made by computer and decisions made by engi-
neer. The latter is a challenge that engineers face almost every day, and, therefore,
requires a detailed analysis:

Experiment setup and data gathering. There are seminal works on how the
experiment has to be designed in order to excite the dynamics that are chosen
to be included into the model. In power systems such experiments are done
at the power plants and in the field (to validate the equipment or system
behavior) [36], but most often the data that is recorded after disturbance in
the system is collected after the event that is not planned and not desirable
[126].

Data processing. Is regularly done after data collection in power systems. Noise
and trends in the data has need to be removed to further extract informa-
tion from the data. In addition, considering a large amount of real-time

9
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Experiment Setup 
and Data Gathering

Data processing and 
presentation

Fit the model to the 
data

Validate the model

Choice of model 
structure

Is the model 
acceptable?

Does the data 
need filtering?

No, model 
structure is 
not OkNo, Data 

is not Ok

Yes

Model is accepted

Figure 2.1: Identification cycle. Black block: computer’s responsibility. Blue:
engineer’s responsibility [60]

data received from the field, the data might be compressed and needs to be
decompressed before being analyzed.

Model structure choice. The chosen model structure will pre-define which prop-
erties of the model can be identified (from measurements) and which behav-
ior can be reproduced (by simulation). The preferred physical first-principle
modeling approach [33] is not always capable to reproduce interactions in a
complex dynamic system. This is due to lack of knowledge about the model
structure required to reproduce (close to) exact behavior of the system. The
tendency of having only data recorded for further analysis urges to look at
mathematical (black-box) modeling [47] as a solution for reproducing the
models behavior.

Fitting model to the data. It includes the choice of the "best" model in the set
of model structures, guided by the data. For such assessment of model quality
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there are different methods and metrics. The latter can be performed in the
time and frequency domains.

Model Validation. The process when an engineer checks if the model is good
enough to serve its purpose (reproduce a certain dynamic behavior of the
real system). In power systems analysis a deficient model behavior can cause
erroneous prognosis and/or decisions by power system operators [41].

All the steps in the identification cycle are connected in a loop that allows an
engineer to assess previous decisions in combination with the current one. This
allows to return and change decisions accordingly.

2.2 Model Structure Selection

The model structure selection belongs to tasks of the system identification cycle
(Fig. 2.1) that are based on engineer’s decision. Thus, an engineer has to consider
the prior knowledge of the system for making the best choice of the model structure.

General representation of the model structure is the mapping through system
characterizing function from past inputs and outputs to the space of model output:

ŷ(t|θ) = g(θ, Zt−1) (2.1)

where ŷ - estimated or modeled output of the model, Zt−1 - a set of past inputs and
outputs (measurements), g(·) - mapping function that characterizes the dependency
between the past signals and the model response.

2.2.1 Types of Models
Models can be classified by some particular characteristics that change the process
of analyzing and representation of system behavior. Therefore, considering available
knowledge of the system, models can be divided into 3 groups:

• White box This class of models assumes full prior knowledge about the sys-
tem properties to be modeled. Usually this type of modeling is performed on
development and testing of equipment or systems characteristics in laborato-
ries. This approach relies mainly on physical principle-based modeling.

• Grey box In case of partial availability of knowledge about the system that
has to be modeled, the approach of combining the available knowledge to-
gether with mathematical modeling and optimization techniques is applied.
Frequently that unknown system behavior is extracted from the measure-
ments using identification and signal processing algorithms.

• Black box Is the approach when model is created by adjusting its output to
fit the measurements, and its parameters do not reflect physical properties of
the modeled system.
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All of the listed above models are classified by a relationship in parameters:
linear, nonlinear (with separable and non-separable nonlinearity, static and dynamic
nonlinearity), and bilinear.

Linear system is a model that is based on the linear operator applied to inputs
to get outputs. Linear systems satisfy the superposition property. This means that
the model’s response to the linear combination of inputs results in the same linear
combination of output responses of the individual inputs [60].

White box or first principle-based linear modeling can be presented in the form
of state space representation of the set of differential and algebraic equations [60]:

dx(t)
dt

= F (θ)x(t) +G(θ)u(t)

y(t) = H(θ)x(t)
(2.2)

where x(t)- state vector, y(t)-output vector, u(t)-input vector, F (θ) - state matrix,
G(θ) - input matrix, H(θ) - output matrix.

In Laplace domain substituting the Laplace operator p instead of differentiation
operator:

y(p) = H(θ)[pI − F (θ)]−1G(θ)u(p)∗ (2.3)

where I - identity matrix;
*Initial value of x(0) is assumed to be equal to zero for simplicity of formulation.
When matrix H(θ)[pI − F (θ)]−1G(θ) can’t be modeled from the first principle

consideration, the polynomial representation of input-output dependency is usually
employed. Thus, the general family of polynomial model structures or so-called
transfer function models can be presented as following:

A(q)y(t) = B(q)
F (q)u(t) + C(q)

D(q)e(t) (2.4)

where q - a forward shift operator that is defined as qu(t) = u(t + 1), e(t) - white
noise.

To identify the model in this case means to find the polynomial coefficients of
A(q), B(q), C(q), D(q), F (q), that include finding polynomial order too (Section
2.3.1).

By dependency of system characterizing function on time, the models are clas-
sified into time-varying and time-invariant. Time invariant system is characterized
by its response to a certain signal that does not depend on absolute time [60]. In
contrast, time varying systems are those having their response explicitly dependent
in time. Such system respond differently to the same input signal at different times.

Meaning that F (θ), G(θ), and H(θ) will change in time when composing the
time-varying system. The most common use of such models is the linearization of
nonlinear system around a certain trajectory.

The nonlinear models are classified into including separable and non-separable
nonlinearities. An example of separable nonlinearity means that the linear part and
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nonlinear part of the system can be separated into different differential-algebraic
equation blocks that are connected only by input-output signal relation. This type
of nonlinearity is usually static that represents saturation or dead-band of sensors
or controllers. Such models that include static nonlinearities in the input and
output of linear block are known as Wiener and Hammerstain models. When the
nonlinearity is in the input of the model followed with the linear block, the model
is called a Hammerstain model. In contrast, when the nonlinearity is at the output,
the model is a Wiener model.

In general form, the Hammerstein-Wiener model can be presented as following:

ŷ(t|θ, η, ξ) = φ(g(t), ξ)G(q, θ)f(x(t), η) (2.5)

where G(q, θ) - linear model that are parametrized by the set of parameters θ,
φ(g(t), ξ) - nonlinearity (parametrized by ξ parameters)at the output g(t) of linear
model, f(x(t), η) - nonlinearity (parametrized by η parameters) at the input x(t).

Identification of these models usually involves a combination of first principle-
based modeling together with mathematical representation of unknown model struc-
tures. This combination is known as grey box modeling. This type of model has
been applied for SVC model identification in Chapter 5 of this thesis.

Another group of the nonlinear models assumes nonlinear transformation ap-
plied together with linear and can’t be separated into two sequential sub-models.
To present the general mapping structure for such type of models, equation (2.1)
can be transformed. Assuming that g(·) is a nonlinear function, it can be written:

ŷ(t|θ) = g(θ, Zt−1) = g(φ(Zt−1, ψ), θ) (2.6)

where φ(·) - a linear function, θ and ψ - parameters of nonlinear and linear function
correspondingly. Such models are usually identified as black-box models. This
identification process involves identification of linear part as was already discussed
in this chapter, and application of the nonlinear transformation to it. The examples
of such models are Nonlinear Autoregressive exogeneous model (NARX), Kernel
Estimators, Neural Networks [60], [83]. These models are based on so called basis
functions gk, and are presented in the following way:

ŷ(t|θ) = g(φ(Zt−1, ψ), θ) =
n∑
k=1

akgk(φ(Zt−1, ψ))

θ = [a1 ... an]T

gk(φ) = gk(φ, bk, ck) = κ(bk(φ− ck))

(2.7)

where ak - scaling coefficients, bk - dilation parameters, ck - translation parameters,
κ - mother basis function.

Wavelet functions κ are frequently used as mother basis function in the wavelet
decomposition that is formulated when bj = 2j and ck = 2−jk substituted into
equations (2.7), where j - positive integer.
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By definition a function that is classified as a wavelet has to fulfill the following
criteria: 1) it must have finite energy, 2) a wavelet function must have zero mean
or, in other words, it must satisfy an admissibility criterion to get a stably inverted
transform, 3) square norm of wavelet integrates to unity [87].

In this thesis the wavelet transform is applied to Autoregressive exogeneous
model (ARX) model that belongs to the class of transfer functions (2.4). In this
way the NARX model is constructed and applied for SVC modeling in Chapter 5.

Kernel estimator is also a class of the local basis functions. It is defined by
a kernel function κ(·), which is typically a bell-shaped function [60]. Thus, the
equation gk in 2.7 takes the form:

gk(φ) = gk(φ, bk, ck) = κ

(∥∥∥∥φ− ckh

∥∥∥∥2
)

(2.8)

where h = 1
b - fixed scale parameter. For simplicity of representation, the scale

parameter is the same for all the basis functions in this case. The special case of
this class of models is a multivariate Gaussian kernel estimator that is used for
uncertainty distribution estimation in Chapter 6 of this thesis.

Bilinear systems (2.9) belong to a class of the simplest nonlinear systems. They
are characterized by representing dynamics as jointly linear in the state and input
(control) variables [85].

dx(t)
dt

=
(
A(θ) +

m∑
i=1

ui(t)Bi(θ)
)
x(t)

y(t) = H(θ)x(t)
(2.9)

where x(t) - state vector x ∈ Rn0 = Rn − {0}, y(t) - output vector y ∈ Rq, ui(t) -
scalar input, A(θ) - n × n state matrix, Bi(θ) - n × n input matrix, H(θ) - q × n
output matrix.

Such type of model (2.9) has been used for Thermostatically Controlled Loads
(TCLs) ensemble aggregated modeling in Chapter 7 of this thesis.

By type of process that is described, models can be deterministic and stochastic.
So far the models described in this chapter (except (2.4) ) have been presented
as deterministic. Stochastic models include uncertainty modeling or stochastic
processes that involve randomness. An example of such modeling is Bayes filter and
Particle filter as an instance of it. Such type of modeling is used for modeling and
uncertainty quantification of power plant parameters in Chapter 6. In addition, in
Chapter 7 the TCL ensemble has been modeled by the system of partial differential
equations that are considered the group of TCLs switching as random process.

2.3 Parameter Estimation Methods

Before choosing and running any optimization algorithm, a criterion of optimality
has to be formulated. In the case of modeling this criterion is based on minimization
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of the error e(i) that is computed as the difference between the actual system output
y(i) and the model output ŷ(i) for a given number of data samples i = 1, ..., N [83].

I(θ) =
N∑
i=1

e2(i),

e(i) = y(i)− ŷ(i)

(2.10)

where I(θ) is called a loss function or a prediction error criterion.
This loss function can be generalized and presented in the following form:

I(θ) =
(

N∑
i=1

qi||e(i)||p
)1/p

(2.11)

where qi - weighting factors that define a confidence in each data sample, p defines
the norm’s order. When p = 1 defines the sum of absolute error, p = 2 - a quadratic
norm, p =∞ - maximum norm.

After the criterion is chosen, the optimization technique has to be selected.
The optimization techniques can be divided into three classes:

• Linear If the error between process and model output is linear in parameters
of the model, a linear optimization is required. It has a unique optimum and
the solution can be computed analytically. To this class belong Least Squeres
(LS) method, Ridge Regression, Weighted Least Squares (WLS), Recursive
Least Squares (RLS), Kalman Filter, etc.

• Nonlinear local If the gradient of the loss function is nonlinear in the pa-
rameters, the nonlinear optimization has to be used. Such technique chooses
between many local optima the one that is not guaranteed to be global. It
requires a starting point in the parameter space and searches for the optimum
in the nearest neighborhood by computing first and second order derivatives
of the optimization criterion. No analytic solution exists. For this problem
an iterative algorithm is required. To this type of techniques belong direct
search algorithms (i.e. Nelder-Mead (NM) method that is applied in Chapter
4.4), gradient-based algorithms (i.e. Line Search, Steepest Descent, New-
ton’s Method), Nonlinear Least Squares (Gauss-Newton Method, Levenberg-
Marquardt method), etc.

• Nonlinear global These methods search in the whole parameter space for
the global optimum. These techniques converge to the global optimum asymp-
totically, meaning that the optimum that is found in the finite time is not
always global optimum, rather a goof local optimum. Nevertheless, these
methods are most effective for the nonlinear optimization problems. Another
advantage of these methods is intrinsic parallelization. To these methods be-
long heuristic optimization algorithms (i.e. Particle Swarm Optimization (see
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Chapter 4.3.1), some bayesian filtering (Particle Filter (see Chapter 4.2.1)).
The parallelization of these algorithms was implemented and presented in
Appendix C of this thesis.

2.3.1 Model Order Choice
All the measurement-based models (see Section 2.2) require model order choice at
the stage of model structure selection in Fig. 2.1. In other words, the model order
is one of the parameters that has to be identified.

In this thesis the information criteria for model order estimation have been used
(see Chapter 5). In these criteria to avoid overfitting ("explaining" the noise with
the parameters of the model), a complexity penalty that grows with increase of
model parameters is introduced.

Thus, considering (2.11) the optimization problem for model order estimation
can be formulated as following:

{θ̂MN , M̂} = argmin
M

min
θM

Ic(I(θ), n) (2.12)

where n - number of parameters in model, M - model structure, θ̂M - a set of
parameters of the model structure M , Ic - information criterion.

The "best" model is the one that has the lowest information criterion Ic.
The typical choices of the information criterion are Akaike’s information crite-

rion (AIC) (2.14) and Bayesian information criterion (BIC) (2.13).

IBICc = Nln(I(θ)) + ln(N)n (2.13)

IAICc (ρ) = Nln(I(θ)) + ρn (2.14)

The tuning parameter ρ that is usually set to 2. Both BIC and AIC criteria
are monotonically increasing with the number of of parameters in the model and
decreasing with an increasing amount of data N . The latter is connected to the
fact that the infinity amount of data will give true estimate and, therefore, the loss
function will reduce to zero [83].

2.4 Model Validation and Uncertainty Quantification

Model validation is a step in the identification cycle (Fig. 2.1) when an engineer
decides whether the identified model is good enough. This decision is usually made
after the "best" model within the chosen model structure was parametrized. Model
validation techniques tend to focus on the question of whether the identified model
agrees sufficiently with the observed data. For this purpose there are several estab-
lished practices [83]:



2.4. MODEL VALIDATION AND UNCERTAINTY QUANTIFICATION 17

• Validation with respect to the purpose There is always a certain purpose
behind the modeling. The model that is identified for control design has to
satisfy certain criteria of control purpose, i.e. to give valid control output.
Other purposes for model design can be simulation and prediction. First is
verified w.r.t. given measurements for identification, second has to be tested
on additional chunk of data to be validated.

• Feasibility of physical parameters When model structure that is used for
model identification corresponds to physical principle modeling class, then
the identified model can be validated w.r.t. feasibility of identified parameter
values. If at least one of the parameters is out of range, it means that the
model is not valid.

• Consistency of model input-output behavior The identified model can
be tested in terms of consistent output for the given input. It can be done in
time domain and in frequency domain depending which type of model has to
be identified.

• Model reductionModel reduction is useful for testing whether the identified
model is optimally simple to describe the necessary properties of system. If
after reduction the model still describes those properties sufficiently well, then
the original model has been unnecessarily complex.

• Measurement fit error The loss function I(θ) (2.11) can be considered as
a type of validation criteria. It describes how good the output of the model
fits the measurements of the modeled system. If the fit is not satisfactory,
the model has to be reconsidered. In Chapter 5 the "best" models of different
structure have been evaluated using this validation technique.

• Parameter confidence intervals Parameter confidence intervals define how
certain the result of parameter identification that is provided by the chosen
identification method given the data and the assumed model structure. Also,
the confidence intervals that contain zeros can signalize that the parameter
might be too small and can be equal to zero. Thus, the model can be reduced
without loss of required modeling properties.

Defining parameter confidence intervals roots from statistical inference and uses
probability framework for uncertainty quantification. Statistical inference is the
process of using data to infer the distribution that generated the data [118]. Some-
times an engineer is interested in one feature of the distribution such as mean, or
requires full distribution’s reconstruction to describe uncertainty.

One of the fundamental concepts in inference is finding a point estimate. The
estimate refers to a single "best guess" of some quantity (parameter) of interest.
For example, the parameter of interest could be a parameter θ in a parametric
model or a probability density function. The estimate θ̂n depends on independent
and identically distributed data points X1, ..., Xn and gets properties of a random
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variable. The estimator θ̂n as a function of the data set should converge to the true
parameter value θ as more data is collected.

Bayesian inference is an inference approach that updates probability f(θ), which
describes degree of belief about a parameter θ, to posterior distribution f(θ|X1, ..., Xn),
considering a statistical model f(x|θ), which reflects our beliefs about random vari-
able x given θ. This update is made following Bayes’ theorem (for more details see
Section 4.2 of this thesis).

Using the posterior distribution one can get a point estimate by summarizing
the center of the posterior - mean or mode value. Let xn means (x1, ..., xn), then
the posterior mean:

θ̄n =
∫
θf(θ|xn)dθ =

∫
θf(xn|θ)f(θ)∫
f(xn|θ)f(θ)dθ

(2.15)

A Bayesian interval estimate or confidence interval can be defined in the follow-
ing way: find a and b such that

a∫
−∞

f(θ|xn)dθ =
∞∫
b

f(θ|xn)dθ = α/2. Then interval

C = (a, b) traps θ with probability 1− α:

P(θ ∈ C|xn) =
b∫
a

f(θ|xn)dθ = 1− α (2.16)

Usually the probability functions chosen for Bayesian inference are from the
group of Gaussian functions. The Gaussian function has the important property
that the product of Gaussians gives Gaussian function.

In this thesis Chapter 6 contributes to uncertainty quantification for power plant
parameters using Bayesian inference theory.

2.5 Summary

This chapter gives an overview of the main concepts on which this work is grounded.
Describing the main steps in the system identification procedure, the chapter elab-
orates each stage of the procedure classifying them into those of computer’s and
engineer’s responsibility. The steps of computer’s responsibility demand mathemat-
ical background and careful implementation, while engineer’s responsibility steps
require to involve all the knowledge about the system and the gathered data to
make the appropriate decision. The process of the system identification is cyclic,
meaning that the failure of modeling in the first round can be avoided or taken into
consideration in the second round gradually improving model’s quality.

The most challenging problems of model structure choice, parameter estimation
and model validation, and uncertainty quantification are discussed and supported
with general mathematical background. The more specific cases that are based
on the presented concepts follow in the next chapters with the corresponding case
studies.



Chapter 3

Power System Modeling,
Software-To-Software Validation
and Model Exchange using
Modelica and FMI Technologies

"There are many specific techniques that modelers
use, which enable us to discover aspects of reality
that may not be obvious to everyone..."

— William Silvert, Modeling as a Discipline

3.1 Introduction

Considering the lack of possibility to study real power system and its complex dy-
namic behavior, power system has to be modeled as interconnection of its compo-
nents for this purpose. The models are designed for particular power system studies,
and, therefore, differ in level of modeling dynamics specification. Thus, consider-
ing physical processes involved into the dynamics, three main groups of modeling
approaches (Electromagnetic Transients [21], Electromechanical Transients or Pha-
sor Time Domain simulation [74], Quasi-Steady State Dynamics [110]) have been
defined in power system study.

Electromagnetic Transients, that are connected with the electric and magnetic
field interaction, include into study phenomena that involve very fast dynamics
(microseconds) such as lightning, switching operation, etc.

Power system stability studies are connected with Electomechanical Transients
that define mechanical and electrical energy balance in the range of milliseconds to
seconds.

19
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Quasi-Steady State Dynamics models neglect the electromagnetic transients,
while short-term differential equations of the power system components are replaced
by algebraic equilibrium equations. These models are used for a long term stability
analysis.

Due to the variety of the simulation tools for different type model simulation,
the issue of model transparency has arisen. While these tools are efficient, their
individual sub-component models and solvers cannot be accessed by the users for
modification. Therefore, to achieve model exchange between the different simula-
tion platforms without loss of information, Modelica language, as a non-proprietary,
object-oriented, equation based language for complex physical system modeling, is
proposed to exploit.

Power system component models, developed in type of software that involves
simplifications (or neglecting) of certain dynamics, have to be validated against a
reference. Such reference can be a model of the higher bandwidth or real system
measurements.

All the validated components and models, together with test case examples have
been included and released in iTesla Power Systems Library (iPSL) [115].

This chapter presents the tools for modeling and model exchange; software-to-
software validation of power system component models for Phasor Time Domain
simulations against higher bandwidth models (EMTP-type) and synchronized pha-
sor measurements.

3.2 Modelica as an equation-based language for power
systems modeling

One of the main goals of the FP7 iTesla project [26], the part of which this work
been, is to perform model validation. To meet this goal, a modeling and simula-
tion environment that provides model transparency and extensibility is necessary.
Therefore, Modelica language that is supported by different modeling and simula-
tion tools has been chosen.

Several attempts of power systems modeling using the Modelica language have
been made [18], [120]. Nevertheless, several of these libraries (e.g. [120]) have
become proprietary software and closed for modifications. On the other hand,
available open source libraries [56] are not maintained in order to be compliant
with the current Modelica language standard.

In general, Modelica model, which presented in a form of equations, defines the
exact model of the system independently of the software in which it is modelled.

Another reason for modeling of power systems using Modelica is that it offers
the possibility of exploiting powerful mathematical or engineering tools as MAT-
LAB/Simulink, Mathematica and JModelica.org, through the Flexible Mock-up
Interface (FMI) or inherently [78]. Within MATLAB/Simulink, Modelica models
can be used through the FMI Toolbox; while for Mathematica, SystemModeler
links Modelica models directly with the computation kernel.
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3.3 Tools for Modelica model exchange

The flexibility and benefits of using Modelica for model exchange and simulation
across different software platforms has been demonstrated in four different simula-
tion environments.

SystemModeler can interpret the Modelica models directly, while the FMI Tool-
box for MATLAB uses Flexible Mock-Up Units (FMUs) which is a software com-
ponent used to exchange Modelica models through the FMI standard [77]. This
allows the user to benefit from the numerical computation, visualization and mod-
eling capabilities of Mathematica, MATLAB, or other tools. OpenModelica and
JModelica.org are open source software which also offer modeling and simulation
capabilities compliant with the Modelica language.

3.3.1 FMI Toolbox & MATLAB/Simulink
FMI Toolbox was designed for model exchange purposes via an individual exe-
cutable model representation called Functional Mock-up Unit (FMU) [117]. FMUs
facilitate model exchange through two options:

• FMUs of specific devices are generated, and then incorporated into the overall
model in MATLAB/Simulink

• FMUs of a complete model can be generated and shared without revealing
the model’s internal structure/equations

3.3.2 Dymola
Dymola is a multi-engineering modeling and simulation based software using Model-
ica language [104]. Dymola has a convenient graphical interface for Modelica based
connected blocks representation of power system model. It also includes additional
features for model linear analysis. Having ability to generate all types of FMUs
(see Section 3.3.1), the FMUs, generated in Dymola, frequently become a reason
of simulation crash in MATLAB/Simulink. In addition, the limitations of FMUs
exchange are connected with Dymola license that has to be acquired to simulate
the FMUs generated in Dymola.

An example of the power system modeling in Dymola (Fig. 1, 2 in [8]) has been
compared to other Modelica based simulation tools.

3.3.3 System Modeler & Mathematica
Wolfram SystemModeler is a physical modeling and simulation tool. Taking an
advantage of the strengths from Modelica equation-based modeling, it allows to
model in the form of system of equations or the flow of interconnected components.
This presents significant advantages compared to block-based modeling [121]. In
addition, System Modeler is capable to interpret Modelica models directly without
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conversion into FMU. This ability makes it similar to Dymola, but the major and
decisive advantage of SystemModeler on Dymola is the capability to use Mathe-
matica - a well known computational tool.

The result of modeling (Fig. 6 in [8]) and simulation (Fig. 7 in [8]) is the same
as using FMI Toolbox in MATLAB/Simulink. The only configuration that must
be carried out is to load the Power Systems Library in SystemModeler.

3.3.4 OpenModelica
OpenModelica is an open source Modelica-based modeling and simulation environ-
ment. The goal with the OpenModelica effort is to create a comprehensive open
source Modelica modeling, compilation and simulation environment based on free
software distributed in binary and source code form for research, teaching, and in-
dustrial usage [84]. OpenModelica is Open Source Software, and thus, it becomes
attractive for non-profit organizations (for example, universities) to exploit it. In
order to use models developed in Dymola, in OpenModelica, one should pay at-
tention to any empty annotations present in the models. These annotations may
generate errors, so just removing them solves the problem.

As expected, the simulation result in OpenModelica (Fig. 7a in [8]) is identical
to Dymola output (Fig. 3 in [8]). It proves that the model was transferred from
Dymola to OpenModelica without loss of information.

3.3.5 JModelica.org
JModelica.org is an Open Source Software, and its main purpose is not only model-
ing and simulation, but also optimization [78]. Therefore the user can be interested
in exploiting it as free software for optimization purposes. The programming lan-
guage used by JModelica.org is Python.

JModelica.org allows users to simulate their own model or use FMUs compiled
in another software. The second option has been verified in [8].

3.4 Software-To-Software model validation

To validate the models built in Modelica, other conventional power system mod-
eling tools have been used. Assuming that the well established tools (PSAT, SP-
S/Simulink in MATLAB, Eurostag [20], PSS/E [98]) reproduce a power system be-
havior in Phasor Time Domain correctly, the Modelica models included into iPSL
library [115] have been software-to-software validated with respect to conventional
tools.

In this section only two examples of Hydro Turbine and Governor modeling,
included into two case studies, and software-to-software validation with respect to
PSAT and SPS/Simulink in MATLAB are presented to demonstrate the approach.
For more validation results, it is suggested to the reader to check the publications
[93], [79], [113].
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3.4.1 HTG Type 3 and HTG Type 5 models

Hydro turbine and governors (HTG) that are developed in PSAT and SPS/Simulink
in MATLAB [57], have been modeled using Modelica and released as open source
in iTesla Power System Library [115].

The original equations of HTG models have been implemented in PSAT [57],
[75]. Allowing for equation-based and equation block-based implementation, Mod-
elica models of HTG Type 3 (Fig. 3.2) and HTG Type 5 (Fig. 3.1) have been
implemented using standard Modelica library blocks.

Figure 3.1: Modelica model of HTG Type 5

The models have been wrapped into one block with input (rotor angular speed
and speed reference) and output (Mechanical power) connectors, and parameter
list interface.

Figure 3.2: Modelica model of HTG Type 3

The hydro turbine and its governor are widely used for control of mechanical
power delivered by the generator, and often show complex dynamic behavior. Due
to this fact, it is a perfect component to show the advantages of using Modelica lan-
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guage instead of conventional power system modeling tools for simulation purposes
[113].

3.5 Case Study

In this section two software-to-software validation cases are presented. The first
shows the model validation of Modelica model with respect to PSAT. The second
presents an alternative validation approach where the validation of the HTG Type
5 model is carried out in a hybrid Simulink-Modelica model exploiting the FMI
standard [77] which allows to include an FMU [117] as a part of the original SP-
S/Simulink in MATLAB system. These models (HTG Type 3, HTG Type 4, HTG
Type 5 [57], [75]) were included into power system of single machine connected to
the loads case study.

3.5.1 Validation of Modelica Model vs. PSAT
The Dymola model and PSAT models have been created to be the same in the
connected components and their parameters (Fig. 3.3). The system for this case
study includes a single machine (Gen Order 3 [75]) connected via transmission
lines to PQ loads. The generator is connected to turbine and its governor (HTG
Type 5). For the model’s parameters are presented in Appendix A. The sinusoidal
perturbation to angular speed reference wref of HTG Type 5 has been applied in
[5..10] s time span (Fig. 3.4).

Figure 3.3: Modelica model of loaded single machine governed by HTG Type 5
with perturbation

The same initial values are used in Modelica and PSAT to carry out the software-
to-software validation for the same conditions. Since the validation of HTG Type 5
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is the subject of interest, the input (rotor angular speed ) and the output (mechani-
cal power) have been compared (Figs. 3.4, 3.5). The software-to-software validation

Figure 3.4: HTG Type 5 Modelica vs. PSAT validation: Speed and Speed reference
perturbation

results show that the "shape" of the signals matches well, but there some differences
in the amplitudes. The differences in angular speed and mechanical power of order
10−3 and less. Thus, the small values of signals discrepancy allow to assume the
reason that is in different numerical accuracy of the solvers of Dymola and PSAT.
The solver used for simulation with Dymola is DASSL [91]. DASSL is based on
backward differentiation formula that approximates derivatives. It is effective and
precise for differential-algebraic system of equations (DAE) solution. While trape-
zoidal integration with fixed time-step exploited by PSAT is effective for ordinary
differential equations solution and very dependent on precision of initialization. In
other words it tends to diverge in case of initialization inconsistency. Additionally
to the signal evaluation mismatch, the solver of PSAT introduces numerical noise
(Fig. 3.5).

3.5.2 Validation of Modelica Model vs. Simscape Power
Systems (SPS/Simulink) in MATLAB

For this case study, HTG Type 3 [75] has been implemented in Simulink/MATLAB
using the standard components of Simulink library. The Modelica model of the
same HTG has been implemented by analogy using the same equations and com-
ponents from Modelica standard library. Both models have been tested in the same
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Figure 3.5: HTG Type 5 Modelica vs. PSAT validation: Mechanical power Pmech
of the HTG Type 5

Single Machine Infinite Bus (SMIB) model build in SPS/Simulink (Fig. 3.7) and
introduced in [57]. The Modelica model has been modeled in Dymola, encapsulated
using FMI standard into a FMU block and embedded in SPS/Simulink instead of
the Simulink block. The input (angular speed) and output (mechanical power) of

Figure 3.6: HTG Type 3 Modelica vs. SPS/Simulink validation: Angular speed
wref and Mechanical power Pmech

original SPS/Simulink model and the model with Modelica component have been
compared (Fig. 3.6). It is worth to note that the FMU Model Exchange block has
been used for simulation, which means that the same MATLAB/Simulink solver
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Figure 3.7: HTG Type 3 Modelica vs. SPS/Simulink validation concept

has been employed to process the typical SPS/Simulink components and Modelica
model. Therefore, the match of both input and output signals of the two com-
pared models is much better than for the HTG Type 3 Modelica model vs PSAT
validation case.

3.6 Summary

A power system model library developed using the Modelica language, and the
software-to-software validation of the library components with respect to models in
PSAT, SPS/Simulink in MATLAB, Eurostag [20], PSS/E [98]. The possibility to
build power systems in different Modelica-based simulation environments was in-
vestigated. An example model was transferred from Dymola to MATLAB/Simulink
using FMU technology, SystemModeler/Mathematica, OpenModelica, and JMod-
elica.org [8]. The results of software-to-software validation have shown that the
model is interpreted correctly by each of the software tested. That opens possibil-
ity for Modelica model exchange in different environments. The decision on which
simulation environment to use is left to the end user, thereby providing flexibility
to use the power system model in different computational environments.





Chapter 4

RaPiD: A modular and extensible
toolbox for parameter estimation
of Modelica and FMI compliant
models

"The expectations of life depend upon diligence; the
mechanic that would perfect his work must first sharpen
his tools."

— Confucius

4.1 Software Operating Principle

The RaPiD Toolbox1 was developed as a framework linking optimization and sys-
tem identification algorithms to be applied to Modelica models encapsulated and
exchanged using the FMI standard [77]. It has been included into iTesla project
platform [26].

RaPiD’s algorithms aim to solve model parameter identification and calibration
tasks through optimization, e.g. by minimizing the model’s output w. r. t. real
system measurements.

The toolbox is provided with the following inputs:

1. A MATLAB/Simulink model with a Functional Mockup Unit (FMU) [117]
that encapsulates the dynamic model of interest;

2. A reference response (e.g. a time-series from measurements) that defines the
variable(s) to be used in the cost function to be minimized;

1For detailed description of RaPiD’s architecture, functionality and methods implemented,
the reader is referred to [112]

29
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Figure 4.1: Operating principle of the RaPiD Toolbox

3. A parameter set to be estimated/calibrated; for each parameter, its initial
value, and a range defined by its minimal and maximal value;

4. The selected optimization and simulation algorithm (available or newly added),
and its specific settings;

5. Type of cost function (i.e. objective function) (available or newly added).

Note: the user needs to consider the non-linearities of the studied system(s) and
pay careful attention when configuring the experiment settings [61]. The toolbox
will automatically load the initial parameter set, simulate the model and record
the output of the model (from a list of preliminary chosen output variables) as
shown in Fig. 4.1. RaPiD will attempt to tune the parameters of the model so
as to minimize the given criteria (e.g. by defining a curve fitting criterion between
the simulated model’s output and the provided reference as an objective function).
The toolbox is flexible, allowing the user to select any number of reference signals.
The fitness function (i.e. objective function) can be defined by the user, or the user
can utilize a set of default criteria. In addition, RaPiD provides an automated
re-sampling functionality to compare measurements with simulations, regardless of
the solver used. The toolbox allows the user to choose from different optimization
algorithms, and to combine them.

This chapter evaluates methods from different frameworks - the Bayesian frame-
work (Particle Filter (PF)) [22], [17] and heuristic optimization (Particle Swarm
Optimization (PSO)) [50], [83] in combination with simplex search (Nelder-Mead
(NM) method) [55].

4.2 Bayesian filtering concept

Bayesian filtering is one of the most popular methods to solve inverse problems. It
recursively estimates a belief in the unmeasured states/parameters {xn}, [52], by
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using all available information about the system’s structure

dx

dt
= f(x(t), t) (4.1)

yn = h(x(tn), tn, σn), (4.2)

where σn- measurement noise; and y1:n = {yi, i = 1..n} are measurements. Assum-
ing that the initial probability distribution function (pdf) (prior), p(x0|y0) = p(x0)
is given, one has to construct the posterior pdf, p(xn|y1:n). This process is recursive
and may be performed in two stages: prediction and update.

At the prediction step the Chapman-Kolmogorov equation, [22], is applied:

p(xn|y1:n−1) =
∫
p(xn|xn−1)p(xn−1|y1:n−1)dxn−1 (4.3)

At the update step when the measurements yn have been received, the Bayes’ rule
is exploited to update the prior to the posterior pdf given the measurements yn:

p(xn|y1:n) = p(yn|xn)p(xn|y1:n−1)
p(yn|y1:n−1) (4.4)

The normalizing constant can be evaluated using:

p(yn|y1:n−1) =
∫
p(yn|xn−1)p(xn|y1:n−1)dxn (4.5)

The likelihood function p(yk|xk) is represented trough measurement equation where
the properties of the measurement noise are known.

In Bayesian inference all uncertainties are treated as random variables. Bayesian
filtering is optimal in a sense that it seeks the posterior distribution which uses all
of the available information expressed by probabilities (assuming they are quanti-
tatively correct). However, as time proceeds, one needs infinite computing power
and unlimited memory to calculate the optimal solution, except for some special
cases (e.g. linear Gaussian or conjugate family cases). Hence, in general, we can
only seek a suboptimal or locally optimal solution [17].

4.2.1 Particle Filter
The particle filter is a nonparametric implementation of the Bayes filter. The par-
ticle filters approximate the posterior pdf by a finite number of parameters. The
key idea of the particle filter is to represent the posterior pdf p(xn+1|yn) by a set of
random samples drawn from the posterior. Instead of representing the distribution
in parametric form (exponential function for a normal distribution), particle filters
represent a distribution by a set of samples drawn from this distribution. Such a
representation is approximate, but it is nonparametric, and therefore can repre-
sent a much broader space of distributions than, for example, Gaussians. Another
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advantage of the sample based representation is its ability to model nonlinear trans-
formations of random variables as shown in Fig. 4.2. The samples of a posterior
distribution are called particles {x(i)

n }. Each particle is a concrete instantiation of
the state (parameter value) at time t.

Algorithm 1 Particle Filter
1: procedure PF(pmin, pmax, Np, ε, σK , nit)
2: while n < nit and {stop criteria} do
3: Step 1. Initialization (sampling from uniform prior):
4: for i = 1 to Np do
5: draw the samples x(i)

n ∝ p(x0)
6: W

(i)
0 ← 1/Np.

7: Step 2. Importance Sampling:
8: for i = 1 to Np do
9: draw samples x̂(i)

n ∝ p(xn|x(i)
n−1),

10: x̂
(i)
n ← {x(i)

0:n−1, x̂
(i)
n }

11: Step 3. Weight update with normalization:
12: for i = 1 to Np do
13: RSSD(y, ŷ)← 1

M

∑
i(
yi−ŷi
yi

)2

14: fitness← RSSD(y, ŷ)
15: W

(i)
n ← 1− fitness∑

i
fitness

16: Step 4. Resampling:
17: Generate/prune particles x(i)

n from {x̂(i)
n }

18: according to W (i)
n /(prune if W (i)

n < ε)
19: to obtain Np random samples
where [pmin, pmax] - range of parameters’ values which define parameter space,
where [pmin, pmax] - range of parameters’ values which define parameter space,
Np - number of particles used to fill the space of parameter values;
σK - covariance of the kernel;
Y - real measurements;
Ŷ - estimate;
ε - prune threshold (defines which percentage of particles with lowest weight will
not survive);
{stop criteria} - set of conditions to finish the particle filtering main cycle
M - number of measurement instances.

The algorithm described above and illustrated in Fig. 4.2 is a general description
of the principle of particle filtering. Variations in the realization of each step lead
to different types of particle filters and largely depend on the application.

In the case of the application to the power plant scenario herein, weighting is
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Figure 4.2: Particle Filter with importance sampling and resampling

specific and based on the value of the fitness function (relative squared difference
between simulation and real measurements), while resampling is used a well-known
and widely applicable (previously for pattern recognition and classification) Gaus-
sian kernel technique [7].

4.3 Heuristic optimization concept

Common features of all heuristic optimization (HO) methods is that they start off
with a more or less arbitrary initial solution, iteratively produce new solutions by
some generation rule and evaluate these new solutions and eventually report the
best solution found during the search process. The execution of the iterated search
procedure is usually halted when there has been no further improvement over a
given number of iterations (or further improvements cannot be expected); or when
the found solution is good enough, or when the allowed CPU time (or other external
limit) has been reached [68].

4.3.1 Particle Swarm Optimization (PSO)

The particle swarm optimization (PSO) is an heuristic optimization method based
on the natural behavior of animal groups [80]. Each potential solution is assigned a
randomized position vector, and potential solutions called particles, move through
the potential values of the parameter space seeking the objective function’s optimal
values. Particles change their direction based on the combination of their own
experience and the best experience of the group. In each iteration the particles are
updated with swarm motion equations which include a particle’s own experience
and experience of the group of particles to choose the way of movement for each
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particle towards the optimum with some random deviation:

Vt = α1R1Vt−1 + α2R2(Pb −Xt−1) + α3R3(pb −Xt−1)
Xt = Xt−1 + Vt (4.6)

where
α1- multiplier on the contribution of the last sample of the particle’s speed to it’s
next sample;
α2- multiplier on the contribution of the distance to the particle’s personal best
position to the next sample of the speed;
α3- multiplier on the contribution of the distance to the swarm’s overall best posi-
tion to the next sample of the speed;
Pb- particle’s previous best state;
pb- the globally best location of the moving group;
R1,2,3- randomly generated noise.

4.4 Simplex search (Nelder-Mead (NM) method)

A simplex method for finding a local optimum of a function of several variables has
been developed by Nelder and Mead [81]. The name of the algorithm originates
from a generalized triangle in N dimensional space that is known as simplex. For
two variables, a simplex is a triangle, and the method is based on evaluation of the
cost function at the three vertices of a triangle. The worst vertex where the cost
function is the largest, is rejected and replaced with a new vertex. A new triangle is
formed and the search is continued. Eventually, the size of the triangles is reduced
and the coordinates (estimated parameters) of the minimum point are found. The
method is effective and easy to implement.

4.5 Case Studies

The RaPiD toolbox for parameter identification has been equipped with Particle
Filter method in addition to previously implemented PSO algorithm.

Due to complexity of heuristic and Bayesian algorithms and the use of high-order
models (e.g. the Greek power plant) for parameter identification, the methodology
used for experiment setup can be described in two main steps:

• Step 1. Execute the stochastic (Bayesian) Particle Filter or Particle Swarm
Optimization (PSO) for a few iterations.

• Step 2. Start from the solution found in Step 1 (which is close to the op-
timum solution) with a simple optimization simplex method (Nedler-Mead
method [55] in order to find an optimal solution.

At each iteration of the algorithms, RaPiD launches the simulation of a Mod-
elica model for each particle of the PSO and Particle Filter.
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Considering complexity of the model and computationally demanding approach,
the Particle Filter has been parallelized.

4.5.1 Parameter Estimation of Power System Primary
Frequency Controls

The Greek power plant model was not modeled for dynamic simulation before this
study and relatively little information was available about the dynamic character-
istics of the equipment. Complete modeling of the plant has been carried out using
Modelica [30], in [8], [93].

The dynamic model of the turbine-governor

The model TG Type I, [74], was used to represent the dynamics of the real turbine
governor in the Greek power plant, as follows

p∗in = pref + 1
R

(ωref − ω) (4.7)

pm = xg3 + T4

T5

(
xg2 + T3

Tc
xg1

)
(4.8)

ẋg1 = (pin − xg1)/Ts (4.9)

ẋg2 =
((

1− T3

Tc

)
xg1 − xg2

)
/Tc (4.10)

ẋg3 =
((

1− T4

T5

)(
xg2 + T3

Tc
xg1

)
− xg3

)
/T5 (4.11)

pin =


p∗in if pmax ≥ p∗in ≥ pmin

pmax if p∗in > pmax

pmin if p∗in < pmin
(4.12)

where ωref - reference speed [p.u]; R - droop [p.u.]; pmax - maximum turbine output
[p.u.]; pmin - minimum turbine output [p.u.]; Ts - governor time constant [s]; Tc -
servo time constant [s]; T3 - transient gain time constant [s]; T4 - power fraction
time constant [s]; T5 - reheat time constant [s];

This model was chosen because of its simplicity and ability to reproduce the
main dynamics of the governor and steam turbine. It is a very simple approximation
of the real dynamics which brings deviation of the model behavior from the real
system response.

A droop governor response is used in turbine generator controls to help main-
taining an electrical grid at constant frequency. If the grid frequency drops below
rated frequency, the turbine will be commanded to increase its power output. If the
grid frequency increases above the rated frequency, the turbine will be commanded
to reduce its power output. In other words, the primary frequency response is
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Figure 4.3: iGrGen greek power plant model

aimed to automatically change of the gas turbine load to compensate for change in
grid frequency.

Numerical Tests

The model used for the experiments is shown in Fig. 4.3. This Greek power plant
(iGrGen) is a combined cycle power plant containing a gas turbine, a steam turbine
and a synchronous generator in a single shaft arrangement. A speed governor is
used to control the system frequency.

The measurement data used for parameter identification was obtained from
staged tests performed on the turbine governor. The purpose of the experiment
is to demonstrate the response of turbine to system frequency deviations, thus the
measured data is the turbine mechanical power output pm. The turbine parameters
of the iGrGen system model which influence the power output the most are droop
(R) and governor time constant (Ts). Hence, they were chosen for estimation.
The steam turbine in the power plant does not contribute initially to the primary
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Table 4.1: Parameter and fitness values for the simulated model
Exp. Name R Ts Fitness

1 PSO10 + NM 0.0558 1.5397 1.4659e-004
PF10 + NM 0.0547 7.4021 1.0137e-004

2 PSO10 + NM 0.0672 14.4695 9.0661e-005
PF10 + NM 0.0672 14.2693 9.0661e-005

3 PSO10 + NM 0.0469 1.2551 2.6791e-004
PF10 + NM 0.0461 12.9999 1.5908e-004

4 PSO10 + NM 0.0571 1.4008 3.0166e-004
PF10 + NM 0.0560 1.6019 3.0123e-004

5 PSO10 + NM 0.0686 1.8506 7.4265e-005
PF10 + NM 0.0681 3.4113 6.7935e-005

6 PSO10 + NM 0.0703 1.0762 5.1476e-005
PF10 + NM 0.0691 0.8929 5.0014e-005

7 PSO10 + NM 0.0696 0.9581 5.1442e-005
PF10 + NM 0.0689 1.1808 4.9343e-005

8 PSO10 + NM 0.0600 0.7849 8.3462e-005
PF10 + NM 0.0660 1.0685 4.8372e-005

frequency control because of its large thermal inertia.
For each test (experiment) the power plant was operated at different power dis-

patch levels by varying the initial power p∗in (4.7). The initial power was measured
in percentage of the so-called Maximum Continuous Rating (MCR) which refers to
the gas turbine output at which it enters into the temperature limit control regime
under present air temperature/humidity ambient conditions. An incremental sig-
nal (∆ω = ±0.2Hz (0.004 p.u)) is injected to the frequency reference input of the
governor to mimic the effect of a variation of system frequency.

The numerical results of the turbine governor parameter estimation are shown
in Table 4.1. Two kinds of optimization algorithm combinations are used, and the
performances are evaluated by comparing the Averaged Relative Summed Squared
Difference (ARSSD).
Graphical comparisons of the measurement data and simulation results of the iGr-
Gen system model using the estimated values obtained from the estimation process
are shown in Figs. 4.4 - 4.7.

Discussion

The results on estimation of the turbine governor parameters in Table 4.1 show
faster convergence using the combination of PF and NM methods in contrast to
the PSO and NM methods. The results, as expected, lie within a range of physically
valid parameter values. This demonstrates the potential to use these algorithms to
facilitate routine parameter calibration.
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Figure 4.4: Test 1 (MCR 60%, ∆ω =
−200mHz)
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Figure 4.5: Test 2 (MCR 60%, ∆ω =
−200mHz)
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Figure 4.6: Test 3 (MCR 60%, ∆ω =
+200mHz)
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Figure 4.7: Test 4 (MCR 60%, ∆ω =
+200mHz)

The comparisons in Fig. 4.4 - 4.9 show the ability to estimate the parameters
which allow the model to reproduce the systems dynamic behavior. Turbine gover-
nor requires longer time to restore the frequency to the nominal value, which results
in power variance in the process of real experiment.

The reason for divergence from the real system response is uncertainty in the
model structure. The dynamics of the rise and fall period during the frequency
change are hard to estimate due to insufficient information for more detailed mod-
eling. However, using a turbine governor model of higher order brings additional
complexity to estimate transient time constants. This is specially difficult because
the tests performed in the plant did not heavily excite transient dynamics, and
thus cannot be observed in measurement data. This causes a large divergence in
the estimates of Ts for Test 1 and 3.
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Figure 4.8: Test 5 (MCR 80%, ∆ω =
−200mHz)
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Figure 4.9: Test 6 (MCR 80%, ∆ω =
−200mHz)

4.5.2 Parallelization

One of the most computationally greedy algorithms, though effective for a wide
range models, is the Particle Filter (see Algorithm 2). The third step of this algo-
rithm (Step 3: Weighting), is the most computationally intensive step. It requires
running the model for each particle in order to evaluate a normalized weight for
each sample. The number of particles is chosen by the user. A large number of
estimated parameters requires to increase the number of particles to preserve the
desired estimation accuracy. The increase in particle number rises the computa-
tional cost associated with the parameter identification problem. Therefore, the
simulation execution and weight evaluation is parallelized as explained below.

The performance of the implemented parallelization approach has been tested
by running the Particle Filter in the RaPiD for the identification of a Greek power
plant’s turbine governor parameters (droop (R) and governor time constant (Ts)).

Firstly, the Greek power plant (GreekPP) is represented using a complex and
highly nonlinear model, therefore, evaluating and simulating this model is compu-
tationally demanding.

The second factor affecting the computational load is the experiment’s duration
(simulation time-span). The purpose of the experiment is to demonstrate the re-
sponse of the turbine and governor to system frequency deviations, and thus, the
measured data is the turbine mechanical power output obtained from staged tests.
Therefore, the experiment takes hundreds of seconds or several minutes, and has
to be reproduced by simulating the model.

Finally, the particle filter algorithm is computationally expensive itself. It was
set to 1 iteration with 20 particles for execution the study herein. All the previously
mentioned facts make parallelization attractive for this parameter identification
problem.
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The testing was made on a standard PC 2 using 1-6 cores/workers. The results
are shown in Fig. 4.10. The 1 worker case corresponds to the ordinary for loop
performance, or in other words, the performance of RaPiD without parallelization.
In Fig. 4.10 the speed-up in percentage is calculated relatively to the simulation
time used by the non-parallelized RaPiD implementation.

Figure 4.10: Speed-up of computational time depending on the number of cores
(workers) for a computer with an Intel(R) Core(TM) i5-3230M CPU @ 2.60GHz

It is worth noting that the maximum acceleration was achieved with 4 cores in
parallel. This fact is assumed to be connected with the physical limitations of the
computer, used for the simulations. Further work will confirm this hypothesis.

4.6 Summary

This chapter presented the RaPiD as the modular and extensible toolbox that em-
ploys optimization methods for system identification that are applied to Modelica
models encapsulated and exchanged using FMI standard. The methodology devel-
oped and used for parameter estimation of power system primary controls in Greek
power plant model. The results of parameter estimation are comparable with no
regard to which method is applied. The overall fitness of the simulations to real
data shows a good match. In addition, the Particle Filter as one of the methods
included into toolbox has been parallelized. The speed up that has been received
is close to 50%.

2Intel(R) Core(TM) i5-3230M CPU @ 2.60GHz, 8.00 GB RAM, x64-based processor, and
MATLAB 2011b.



Chapter 5

Model Structure Choice for a
Static VAR Compensator under
Modeling Uncertainty and
Incomplete Information

"We have no need of other worlds. We need
mirrors. We don’t know what to do with other
worlds. A single world, our own, suffices us; but we
can’t accept it for what it is."

— Stanislaw Lem, Solaris

5.1 Introduction

Mathematical modeling and parameter estimation of electric power grid compo-
nents are important for power system operators [72]. An operator’s ability to pre-
dict large blackouts [2] becomes a challenge when the models of real power system
components contain uncertainties or deviations from their actual (real) observed
behavior. This challenge is due in part by the complexity power system compo-
nents, such as those of controllers and power electronic devices (e.g. Static VAR
Compensator (SVC)). An SVC [92], [75], which is comprised by a controlled com-
bination of discretely and continuously switched VAR sources, introduces complex
non-linear dynamics. A SVC’s dynamic transient response may contain unknown
nonlinearities that are created by automated switching . In addition, the structural
ambiguity of SVC appears due to the manufacturers secret "know-how"

Any lack of knowledge about the system has to be compensated by using mathe-
matical data-based modeling, following the system identification cycle that is shown

41
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in Fig. 2.1. The system identification cycle deals with a problem of building a
mathematical model based on the available information about the system.

The two main parts of the cycle are defined by: (1) decisions made by computer,
and (2) decisions made by the engineer (Fig. 2.1), where the most challenging step
is the model structure choice. The chosen model’s structure will predefine what
properties of the model can be identified (from measurements) and what behavior
can be reproduced (by simulation).

Methods of model structure selection and parameter identification can be gen-
erally classified into two groups:

1. Physical principle-based modeling [92], and

2. Black-box mathematical modeling [47], [59], [86].

The physical principle-based modeling approach is well established in power
system modeling. It is generally considered as more reliable due to its ability to
reproduce the physical behavior of the system. However, with the advent of digital
systems in control of physical processes, the power system components are governed
by a combination of physical laws and control flows. Such components introduce
additional complex nonlinearities to the overall system. Thus, an engineer has to
create a model that is sufficiently rich to reproduce such complex behavior. The
families of flexible mathematical models that have no physical interpretation, but
aim to describe input-output relationships of the system, are known as black-box
models [47].

Among the many identification studies in power systems, the most relevant
ones, that have been performed for SVC modeling, are summarized next. Authors
in [100] present examples of transfer function identification including an SVC using
the Prony TFI method. However, in comparison to our work, model order selection
is not considered, meaning that the model structure is predefined in [100]. In
contrast, our work addresses model order selection explicitly.

Seminal works have been pursued for SVC optimal control design using fuzzy
logic-based algorithms [63], [1], and the tuning of its control parameters, consid-
ering predefined model structures [96], [71]. The nonlinear approximator used in
these works is based on number of heuristic rules. The fuzzy logic-based modeling
and identification requires tuning of fuzzy rule structure, and more attention to the
"curse of dimensionality" problem is necessary that may be challenging for practic-
ing engineers [83]. The methods that are presented in the proposed work do not
experience such difficulties, as they do not depend on heuristics.

Advanced first principle-based models were developed using measurements and
physical SVC characteristics in [94], [92], [119], [44], [116], [34]. The latter is possible
only when complete or nearly-complete knowledge about the system (including an
access to experiment design and exhaustive measurement gathering) is possible.
In contrast, our work aims to address a more common circumstance, that is under
incomplete information (i.e. limited model information and limited measurements).
The nonlinear behavior of the SVC has been captured in [28] using advanced control
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designs to damp oscillations, but assuming a fixed standard model of the SVC is
fully known. Differently, this work aims to study the identification of an SVC model
that is largely unknown (i.e. for which there is only limited modeling information
and measurements, that is, under incomplete information).

Harmonics present in sinusoidal signals has been evaluated using Fast Fourier-
based algorithms [49] for reactive power compensation. In contrast, this work
presents different approaches for detailed model phasor-model identification using
RMS voltage and current signals. In such type of models, harmonics are not of
interest, but the dynamics are.

The problem of model structure choice for identification has been investigated
extensively in the control and system identification communities [59], [60]. However,
in respect to all the reviewed works [63]-[49], these practices have not yet been
studied, applied and adopted in the power systems community.

This chapter compares and discusses model structure choice methods in the
context of a modeling and parameter identification cycle that can be applied for
the modeling of power system components. These methods are physical principle-
based modeling; and black-box mathematical modeling (Nonlinear AutoRegressive
Exogenous (NARX) [6], Transfer function [13], Hammerstein-Wiener model [60]).
In addition, the combination of physical principle-based and black-box modeling
is proposed. All the case studies have been performed by modeling a Static VAR
Compensator, for which real measurements from the grid were available, while the
information about the physical system and control flow that governs its behavior
was limited (or incomplete).

Furthermore, this work discusses how modeling uncertainty can be considered
by an engineer: by evaluating the validity of a model, it is possible to justify
the model’s acceptance. Using Static VAR Compensator model case study, the
chapter reveals a number of important issues that should be addressed during the
identification process, and proposes possible solutions.

5.2 Static VAR Compensator Modeling Problem

The system identification problem can be formulated as: identify the system’s model
in a way that it reproduces the system behavior known from a description of the
system and collected measurement data.

The Static VAR Compensator system (Fig. 5.1) is a combination of a shunt
capacitor bank and a thyristor-controlled shunt reactance aimed to inject reactive
power for controlling the voltage at the directly connected bus-bars or remote bus-
bars. For the SVC example used here, the system description provided by National
Grid, was limited to name-plate data for the thyristor-controlled reactor (TCR)
(reactive power generated), thyristor-switched capacitors (TSC) and mechanically-
switched capacitor (MSC). In addition, the SVC is voltage controller with a droop
of 4% under balanced operation conditions is applied. Because the provided mea-
surements that were received correspond to a transient response, and they do not
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Figure 5.1: Physical principle-based SVC model

include reactive power measurements on the controlled bus bar, the voltage set
point is assumed to be fixed.

The provided measurements include the SVC’s current (Fig. 5.2) and voltage
(Fig. 5.3), recorded after a single phase (IB) fault occurred. During the voltage

Figure 5.2: SVC RMS current Figure 5.3: SVC RMS voltage

dip the thyristor-switched capacitors are activated to limit the voltage drop. The
dynamics of the SVC become active and they can be identified from the provided
measurements. The sampling time of the recordings is 0.0001 s (i.e. 10 kHz).

5.3 Model Structures

In the identification cycle (see Fig. 2.1), the choice of possible model structures is
no doubt the most important and the most difficult step for an engineer. In this
section, different modeling approaches are discussed.
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5.3.1 Physical principle-based modeling

The most common modeling method is grounded on the established laws of physics
that are considered axiomatic. On this level of modeling, no empirical model as-
sumptions or fitting parameters are made [62].

For the particular SVC the limited information, available to National Grid (who
operates the SVC), leads to the use of the basic IEEE SVC regulator model [75]
(see Fig. 5.4). In power systems the main issue the engineer faces with such type

∑
 

Vref
Vmeas

BSVC
+

-

Bmax

Bmin

Figure 5.4: IEEE SVC Type 1 [75]

of modeling is partially available (limited) or unavailable information about the
structure of the component and the system as a whole. There are several reasons
for that: a) component producers protect their "know-how", b) the system is old
and installations/changes to the components are poorly documented, c) control
systems at different levels of control hierarchy become digital with complex logical
actions, some dependent on operator’s decisions; to list a few.

This model structure choice has been guided by the available information about
the SVC system. In this case, only a droop that defines the voltage dependency on
reactive power set point was known. However, the known physical characteristics
of SVC [92] can help to define the range of the time constants. To sum up, the set
of parameters to be identified in this case is θ = [KR, TR].

5.3.2 Black-box modeling

Observing the SVC’s response, it can be concluded that the transient characteristics
of the SVC RMS current and voltage (Fig. 5.2, 5.3) show a non-linear behavior
combined with the linear component of a set of differential equations (involving the
under- damped transient oscillatory behavior of at least two complex modes). This
gives ground to apply mathematical (black-box) modeling methods for the SVC’s
model identification.
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High order transfer function model

Usually SVC dynamics involve different time-scales and include their voltage regu-
lator [58], consequently, a high order transfer function model is appropriate in this
case. If the relation between input and undisturbed output can be written as a
linear difference equation, and the disturbance consists of white measurement noise
[60], then the ARX model can be expressed using an Output-Error (OE) model
structure of the form:

y(t) = B(q)
F (q)u(t− nk) + e(t)

F (q) = 1 + f1q
−1 + ...+ fnf q

−nf

B(q) = b1q
−1 + ...+ bnbq

−nb

(5.1)

The unknown values are the transfer function parameters θ = [b1 b2...bnb f1 f2...fnf ]
and transfer functions of order nb, nf , nk.

Hammerstein-Wiener model

In order to include the nonlinear dynamic behavior that is observed in the mea-
surements, the Hammerstein-Wiener model is exploited (Fig. 5.5).

u(t) Input
Nonlinearity

Φ
 

Linear Block
B/F

Output
Nonlinearity

S

w(t) x(t) y(t)

Figure 5.5: Hammerstein-Wiener (HW) model

The OE model structure (5.1) is included in the linear block, while the input
nonlinearity by a piecewise-linear function:

w = Φ(u, θpwl) = (u− ui)
(wi+1 − wi)
(ui+1 − ui)

+ wi (5.2)

where {wi ≤ |w| ≤ wi+1; ui ≤ |u| ≤ ui+1}i=1..k are the limits of the input x and
output nonlinearity y values for each interval; k - number of beakpoints; θpwl =
[{u1, w1}, ...{uk, wk}] - identified parameters.

From the physical principle-based modeling in Fig. 5.4 susceptance variation
limits introduce to model the SVC’s saturations. These limits are modeled using
the saturation function (5.3) that has been introduced as output nonlinearity in
the Hammerstein-Wiener model.

y = S(x,Bmax, Bmin) =


x(t), if Bmin < x(t) < Bmax

Bmax, if x(t) ≥ Bmax
Bmin, if x(t) ≤ Bmin

(5.3)
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Observing the current measurement (Fig. 5.2), the upper bound given by the
Bmax value is reached during the event.

Nonlinear AutoRegressive eXogenous (NARX) model

This model represents the system’s linear and nonlinear behavior as a sum of an
ordinary ARX and the complex wavelet function over a set of chosen regressors.
The nonlinear ARX model (Fig.5.6) includes two parts:

• Regressors from the current u(t) and past input values u(t−1), u(t−2), ..., u(t−
mu) and past output data y(t−1), y(t−2), y(t−3), ..., y(t−my); while letting
x = [y(t−1), y(t−2), y(t−3), ..., y(t−my), u(t), u(t−1), u(t−2), ..., u(t−mu)]
be a 1×m vector of regressors.

• A nonlinearity estimator that maps regressors to the model output, shown in
Fig. 5.6.

Regressors
u(t), u(t-1), y(t-1), …

Nonlinear Function

Linear Function

u

y

Nonlinearity Estimator

x

x

Figure 5.6: Nonlinear AutoRegressive eXogenous model

The nonlinear ARX model estimator is given by:

ŷ(t|θ) = [−a1,−a2, ...,−ana , b1, b2, ..., bnb ] ∗ xT + d

+Γ(x, θNL),
(5.4)

where θL = [a1a2...anab1b2...bnb ]T - parameters of ARX linearity estimator, na -
number of past output terms, nb - number of past input terms, d - a scalar offset.

In this case, the nonlinear behavior is represented by the wavenet function
Γ(x, θNL) [122]:

Γ(x, θNL) = as1f(bs1((x− r)Q− cs1)) + ...

+asnsf(bsns((x− r)Q− csns))
+aw1g(bw1((x− r)Q− cw1)) + ...

+awnwg(bwnw((x− r)Q− cwnw))

(5.5)

where f(z) = e−0.5zzT is a scaling function, g(z) = (m− zzT )e−0.5zzT is a wavelet
function, z - 1× q vector with q - number of x components used in the scaling and
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wavelet functions; Q - m×q projection matrix; r - (1×m) mean values of regressor
vector; as (ns×1), bs (ns×1), cs (ns× q vector) - scaling parameters; aw (nw×1),
bw (nw × 1), cw (nw × q) - wavelet parameters. θNL = [Q, r, as, bs, cs, aw, bw, cw] -
parameters of nonlinearity estimator. The number of units is equal to the sum of
scaling (ns) and wavelet (nw) coefficients.

When estimating a nonlinear ARX model, the model parameter values θ =
[θL, θNL, d] are computed.

5.4 Parameter Identification and Model Validation Criteria

The optimization criterion to be met in the all the model structure choices is the
minimisation of the mean squared error (MSE) between measured and simulated
outputs:

θ̂N = argmin
θ

1
N

N∑
i=1

(yi(t)− ŷi(t|θ))2 (5.6)

where yi(t) - measured response, ŷi(t|θ) - estimated response, N - number of sam-
ples. In the sequel, the output yi or ŷi dependency on time t and parameters θ will
be omitted.

The goodness of fit criterion to evaluate how well the estimated model response
fits to the measured output is quantified in percentage of the two curves’ alignment
as Normalized Mean Squared Error (NMSE) (5.7):

Fit = NMSE(θ, y) =
(

1−

√
1
N

∑N
i=1(yi − ŷi)2√

1
N

∑N
i=1(yi − ȳi)2

)
100% (5.7)

where ȳi - mean value of the response.
The Akaike information criterion (AIC), applied to model order selection, in-

cludes the minimization of MSE and a model complexity penalty [3], [88]. One of
its versions can be formulated in the following way:

AIC(ρ) = Nln(MSE(θ)) + ρn (5.8)

where n - number of system parameters (characterizing the order of the system)
and ρ - regularization coefficient, which is usually equal to 2.

The algorithm for parameter identification [114] is used herein to meet the
optimization criterion by iteratively adjusting model parameters when the chosen
model structure and optimization algorithms (search methods 1) are given.

1The choice of the search methods is out of scope of this research. However, for more infor-
mation, refer to [60], [83].
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5.5 Results

In this section the results of applying the model identification methodology dis-
cussed above is presented. There are several modeling scenarios discussed:

A First principle modeling (Section 5.5.1)

B Black-box modeling (Sections 5.5.2, 5.5.3, 5.5.4)

C Combination of both A and B models (Section 5.5.5)

5.5.1 Physical first principle-based modeling
To reproduce the actual (real) power system behavior using the physical principle
modeling approach, a power system model developed using Modelica was built
[115]. The model contains an SVC Type 1 connected via a transmission line and
transformer to a 400 kV substation (Fig. 5.7). A single phase fault is applied to the
transformer from the SVC side on bus B2. The equivalent of the external grid has
been modeled as an infinite bus.

3B1B 1T 1L

SVC
2B

Figure 5.7: SVC connected to grid model

The parameters (KR, TR) range is [20..100] (corresponding to a droop from
5% to 1%) and [20..150] ms [106]. Assuming that BSV C is proportional to the
current injection with a voltage of 1 p.u. measured at the bus bar B1, the parameter
estimation results are summarized in Table 5.1.

Table 5.1: Estimated parameters for the IEEE SVC Type 1

[TR](0) [KR](0) KR TR MSE
1 0.02 [20..50] 0.02 [22.19..27.27] 0.0274
2 0.02 [50..70] 0.02 [50.37..51.75] 0.0286
3 0.02 [70..100] 0.02 [70.14..70.68] 0.0297
4 0.15 [20..50] 0.15 49.51 0.0276
5 0.15 [50..70] 0.15 [69.46..69.94] 0.0231
6 0.15 [70..100] 0.15 [97.50..99.65] 0.020

0.104 99.88
7 [0.02..0.15] [20..100] 0.108 [98.02..98.86] 0.0193

0.123 [97.40..97.52]
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As shown in Table 5.1, seven different initial parameter conditions have been set
to identify the parameter values (KR, TR) that correspond to the minimal MSE in
the chosen initial parameter range ([KR](0), [TR](0)). The MSE values have been
evaluated using both the SVC’s voltage and current outputs (Figs. 5.8, 5.9).

Figure 5.8: Simulated physical principle-based model output against the measured
SVC RMS voltage. The legend corresponds to the cases in Table 5.1.

Considering estimated outputs of the SVC voltage and current (Figs. 5.8, 5.9)
together with the results in Table 5.1, several observations can be made. As ex-
pected, the rise in the slope of the current is influenced mainly by the gain KR

value. The higher the gain, the faster the rise (or a steeper slope). On the contrary,
the falling slope depends on the time constant TR that defines the speed of exponen-
tial decay before reaching a steady-state condition. The first order transfer function
can’t reproduce the oscillatory behavior shown by the measurements. Nevertheless,
the average descent curve is obtained. Summing up, the slower descent and higher
gain from the initial values in Case 7 (Table 5.1) gives the best estimates in terms
of minimizing the MSE (5.6). This model is summarized in Table 5.2.

5.5.2 High order transfer function
To achieve a better model output, a higher order transfer function is used next as
a model structure. The model is linear, but saturation can be added in series as
separate function to model the nonlinearity. In the case of OE model structure
(5.1), the most important decision for an engineer is the choice of model’s order.
The aim is to obtain the best fit possible while keeping the model order as low as
possible. For this purpose, an experiment on the model order selection has been
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Figure 5.9: Simulated physical principle-based model output against the measured
SVC RMS current. The legend corresponds to the cases presented in Table 5.1.

carried out by employing two criteria of goodness of fit: the Akaike information
criterion (AIC) (5.8), and the NMSE (5.7) (or Fit (%) on the plots).

In Fig. 5.10 the rapid fall of the AIC value indicates an improvement on the
model’s fitness. This occurs starting with the model order of nb = 2, nf = 2, nk = 0
(x-axis). Therefore, three models (oe220: OE(2, 2, 0), oe230: OE(2, 3, 0), oe340:
OE(3, 4, 0)) show a good fit. OE(2, 3, 0) model is added to Table 5.2. Considering
the fitting results of the SVC’s current in Fig. 5.11, all of the three aforementioned
models give a better representation of the dynamics when comparing with the SVC
Type 1 model (Fig. 5.9), but it requires improvements to capture the nonlinear
behavior of the system (see Sections 5.5.3, 5.5.4).

5.5.3 Hammerstein-Wiener (HW) model

The Hammerstein-Wiener model (Fig. 5.5) includes input and output nonlinearities
together with a linear component. In Section 5.5.2, one of the models that show
the best fit was of nb = 2, nf = 3, nk = 0 order. Therefore, it was selected as a
linear component. The output nonlinearity has been modeled using a saturation
function with upper/lower limits equal to ±1.27 p.u.. The remaining (unexplained)
dynamics are modeled using an input piece-wise linear function. However, the latter
has to be defined by the number of break points k and their location (xi, yi)i=1..k
(5.2). Input xi values are SVC voltage measurements, while yi are the nonlinearity
values.



5.5. RESULTS 52

Figure 5.10: Model OE(nb, nf , nk) order choice using AIC and NMSE criteria

To choose the appropriate number of break points of the piecewise linear func-
tion (5.2), a study on dependency of the goodness of fit metric (and MSE) on the
number of break points has been performed (see Fig. 5.12). The principle used
to make a choice is to obtain a simple model (aiming for the minimum number
of break points) capable of providing a high goodness of fit (and small MSE). In
Fig. 5.12 the steep rise of the fit (in percentage) occurs when 5 break points of the
piecewise linear function are included. After 5 break points, the fit value does not
change drastically. Therefore, the 5 break points piecewise linear function can be
considered as an adequate number of points to model the nonlinearity. To increase
certainty in the choice of the model, three models with k = 5, k = 7 and k = 10
break points of the piecewise linear function have been compared (Tables A.1, A.2,
A.3 and Fig. 5.13). As expected, the model with k = 10 break points (see Tables
A.3, 5.2) has reproduced the dynamics better than those of k = 5 and k = 7.

5.5.4 Nonlinear AutoRegressive eXogenous (NARX) model
The NARX model is designed by applying a wavelet network (wavenet) function
to an input vector of regressors. Two input parameters are required to define the
model structure before the estimator identifies other parameters automatically. The
order of the linear function (discussed in Section 5.5.2) and the number of wavenet
units (ns + nω) (5.5). The latter has been evaluated in terms of the maximization
of the goodness of fit (Fit(%)) and shown in Fig. 5.14. In Fig. 5.14 two values
in the range of the analyzed wavenet units values are of interest. Both models
with (ns + nω = 17) and (ns + nω = 38) wavenets units with the highest fit have
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Figure 5.11: Simulated OE(nb, nf , nk) model output against measured SVC RMS
current

been compared on their ability to capture the dynamics of measurements in the
SVC current output (Fig. 5.15). The model comprised by 17 units is capable to
represent the oscillation frequencies more precisely than the 38 units model. The
simplest (lower order model) is always preferred. In this case the (ns + nω = 17)
units model is the best choice (see Table 5.2). The linear ARX part has been chosen
with the criteria of having the lowest order that provides a high fitness.

5.5.5 Combination of models
The physical principle-based model (Section 5.5.1) is able to reproduce the main
physical properties of SVC system, even though it doesn’t include all the observed
dynamics for the particular measured event. In contrast, the black-box mathe-
matical model is capable to reproduce the system dynamics of the event with good
fitness (Fig. 5.13, 5.15). The ability to combine both models is advantageous in the
sense of preserving both an insight about the system physical properties together
with the best goodness of fit.

To this aim this section proposes to design a switch that will allow to substitute
the physical model with one of the other models in Table 5.2, when needed. The
steady-state operation can be represented by the well established IEEE SVC Type
1 model, while transient dynamics excited in the event have to be modeled by the
richer mathematical models presented in the previous sections (e.g. HW model or
NARX).

The operational principle of the switch (Fig. 5.16) takes a derivative of the
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Figure 5.12: HW model: NMSE (Fit,%) and MSE dependency on the number of
breakpoints

Table 5.2: Numerical Experiment Results

Section Model Structure Est. Parameters MSE NMSE
(Fit,%)

V. A SVC Type I KR = 0.104, TR = 99.88 0.0193 55.52
V. B TF nb = 2;nf = 3;nk = 0 0.0130 69.77
V. C HW nb = 2;nf = 3;nk = 0;

k = 10; saturation =
±1.27

0.0069 78.05

V. D NARX ns+nω = 17; nb = 2;nf =
2;nk = 1

0.0061 79.24

V. E SVC Type I +
NARX

V. A + V. D Est. param-
eters

0.0059 84.27

Acronyms: TF - transfer function, Est. - estimation, HW - Hammerstein-Wiener

voltage input signal and decides to switch between the IEEE SVC Type 1 model
and a mathematical model when the voltage derivative crosses a given threshold
defined by an engineer.

To realize the switch the following aspects need to be considered. First, the input
is a nonlinear function that is not differentiable across the entire time span. The
solution to this issue is to compute numerically the derivative with the substitution
of infinity by a large number to limit the derivative values to certain real-valued
bounds. The operation of the switch does not require precise derivative values
(unless it influences the switch’s operation). The threshold value (ε) is chosen
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Figure 5.13: HW model with piece-wise linear input and saturation function output
compared to the measured SVC RMS current

equal to 0.05 and modeled using a dead zone function.
Second, it is necessary to avoid the switching before the steady-state is reached.

When small deviations or oscillations around the steady-state point are still present
in the system (Fig. 5.3), the voltage derivative oscillates around zero. This is
solved by implementing a direct discrete FIR filter of order equal to the signal’s
sampling frequency multiplied by the time window over which the steady-state is
reached. In other words, the filter finds the cumulative sum of the derivative value
over the time window. Finally, the output filtered dead zoned derivative signal,
when not equal to zero, activates the switch from the IEEE SVC Type I model
to the SVC NARX model (Fig. 5.17). In Fig. 5.17 the combined model’s output
compared to measurements is presented. The observed fitness (Fig. 5.17) and
evaluated model validation criteria (Table 5.2) show better performance than all
other studied models (see Sections V.A-V.D).

5.6 Discussion

The most difficult decision that an engineer is responsible for is model acceptance
(Fig. 2.1). When this can not be achieved, an engineer should list all the concerns
on the model’s quality in terms of validation metrics and case studies. If the model
is accepted, the conditions when the model is valid should also be defined. All the
limitations and advantages of the model have to be carefully listed. The quantitative
methods and metrics used in this work can be used for these purposes.
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Figure 5.14: NARX: Fit,% dependency on number of wavenet units

Figure 5.15: NARX models output from 17 and 38 wavenet units compared to the
measured SVC RMS current

Incomplete modeling information and/or measurement limits the system prop-
erties that are reproduced by a model. To obtain a precise model (in this case for
the SVC), a highly dynamic input excitation signal u(k) (Vref or Vmeas Fig. 5.1)
needs to be available. Alternatively, proper excitation signal design [90], [29] allows
to gather as much information about the system as possible. In the particular case
studies (Sections 5.2, 5.5), all the chosen model structures have been chosen for the
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Power Grid

Power Grid Model

Figure 5.16: Switch operational principle combining two model types

only available measurements (Fig. 5.2, 5.3) and the limited information available
to the grid operator itself (National Grid). The assumption is that the all possi-
ble dynamics have been excited. No doubt, that when the experiment design is
controlled by an engineer, better certainty for the estimated model can be given.

One more issue that has to be taken into consideration is the change of the
operation point after an event (Fig. 5.9). It can be estimated by computing power
flow values or by back calculating them from the available measurements [60]. In
this work, it was assumed (from information available from National Grid) that the
steady-state operation conditions did not change after the event.

The proposed combined model allows to use mathematical black-box model
(i.e. NARX in this study) when the first principle-based model fails to capture
the dynamics present in the grid. These dynamics are excited by the events that
force the system deviate from near steady-state operation. Considering the fitness
criteria defined in this work, the method is superior to all other methods that are
compared in Table 5.2.

5.7 Summary

In this chapter, methods for model structure choice in power system component
model identification have been discussed. The traditional physical principle-based
modeling approach gives a good representation only in the absence of uncertainty.
Meanwhile, when the knowledge of the system or its component is limited, the
physical principle modeling fails to reproduce the system dynamics in the model.
Therefore, mathematical black-box and grey-box modeling techniques can be ex-



5.7. SUMMARY 58

Figure 5.17: Combined model: switch operation and model response

ploited. This work proposed to combine both model types, using the simplest one
when the dynamics of the system are not excited, i.e. in steady-state operation.
Meanwhile, more complex mathematical nonlinear models can be used when non-
linearities arise. All the case studies (Table 5.2) have been illustrated using the
RMS voltage and current recordings and incomplete modeling information of an
SVC operated by National Grid.



Chapter 6

Identifying Uncertainty
Distributions and Confidence
Regions of Power Plant
Parameters

"As far the laws of mathematics refer to reality,
they are not certain; and as far as they are certain,
they do not refer to reality"

— Albert Einstein

6.1 Introduction

Accurate modeling of electric power system components is essential for power sys-
tem operators. However, maintaining accurate dynamic models represents large
technical and practical challenges for utilities, including those related to data man-
agement and analysis. The conventional approach to obtain dynamic models is
through physical modeling, where values of parameters are obtained from name
tables. This approach is relatively simple, but can lead to inaccurate model re-
sponses due to uncertain changes that parameters undergo through time. Model
accuracy can be improved by periodically performing staged identification tests
where parameters can be updated. However, the logistics and costs associated to
these tests are non-negligible because staged tests require components to be dis-
connected from the network or other interventions that may hinder the normal
operation of the power system. An approach to address these problems has been
found in the application of modern system identification theory for parameter iden-
tification and calibration. Development of synchrophasor technology has made this

59
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approach even more appealing due to the increasing availability of synchronized
high sample rate measurement data capturing the systems’ dynamic response.

From the mathematical perspective, different methods for identification of the
power system’s parameters have been proposed [45, 23, 14, 101, 40, 125]. Jones [45]
focused on the use of the autoregressive moving average with integrator in noise
model and exogenous inputs to represent a power system using a low-order dynamic
model. Dinh Thuc Duong et al. [23] applied and compared performance of the
autoregressive exogenous model with the simplified refined instrumental variable
method of modeling when solving a problem of a hydro turbine-governor identifica-
tion task. Stefopoulos et al. [101] have shown the benefits of applying genetic algo-
rithms for governor-turbine dynamic model identification in multi-machine power
systems. In [40], researchers have successfully applied the extended Kalman filter
for generator dynamic model validation using phasor measurements. Zhou et al. in
[125] extended a particle filter to estimate the dynamic states of generators.

The particle filter (PF) has a number of benefits that makes it attractive for
parameter identification. A PF provides the parameter uncertainty distribution of
estimated parameters by a set of samples (particles). In this way, this property
makes a PF applicable for nonlinear system identification and robust to different
types of noise, including non-Gaussian noise. As a result, this technique does not
impose any constraints on the model structure used, meaning that the parameter
set defining a power plant model can be identified entirely.

Parameter estimates are most meaningful when accompanied with their statis-
tical properties, i.e. mean and confidence intervals. Such properties were received
in the asymptotic variance evaluation of estimated modes that is extracted directly
from auto regressive moving average model [89].

Meanwhile, in [125] the statistical properties were received for distribution of
mean values evaluated using Monte Carlo simulations in order to verify the PF
method. In this way, the estimated mean and standard error characterized the
accuracy of the method, but not the internal dynamics of the nonlinear power
system.

The main goal of this research is to derive new knowledge for power system op-
erators about the power system parameters that are estimated given measurements
and a model. The ability to derive an estimated parameter uncertainty using an
arbitrary distribution shape has not been analyzed in power systems. The cur-
rent methodology used by power system operators limits their ability to determine
parameter estimates relationships and consequently, design model validation exper-
iments that consider the implications of these relationships. To address this gap,
the reconstruction of the estimated parameter posterior distribution and confidence
intervals is proposed.

The proposed methodology is based on particle filtering, it is applicable for
non-linear systems, and robust to arbitrary noise characteristics. These features
represent an enhancement in comparison to the previously proposed methods [40]
that assume linear(-ized) models with Gaussian distributed noise.
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The main benefit of the PF is that it can handle multi-modal distribution of
parameter estimates. Therefore, the proposed method calculates the uncertainty of
parameter estimates in the form of multimodal (mixture) Gaussian distributions.
The estimate distribution’s reconstruction for Gaussian mixture distribution and
its confidence regions calculation is presented in detail. Three methods (Rule of
Thumb (ROT), Least-Squares Cross Validation (LCV), Plug-in method (HSJM))
for standard deviation (bandwidth) selection of the Gaussian mixture distribution
are compared.

The performance of the Gaussian mixture distribution reconstruction is evalu-
ated by comparing the confidence intervals estimated using the proposed method
that exploits Gaussian multivariate mixture distribution and a Monte-Carlo method
that approximates the uncertainty distribution with a uni-modal Gaussian distribu-
tion form. Finally, the estimates of the reconstructed distributions are compared to
the actual parameter values. The proposed method can be parallelized to increase
computational efficiency and applicable for online applications.

6.2 Problem formulation

Problem statement: to identify the model parameters and their confidence re-
gions, assuming the model structure of a power plant that includes a generator with
controls (Fig. 6.1) and, having measurements from the tests and on the terminal
bus.

Figure 6.1: Generator with controllers connected to an infinite bus

The formulated problem is illustrated on the model that consists of a syn-
chronous machine GenVI [75], turbine governor TGI [75], automatic voltage reg-
ulator AVRIII [75] and power system stabilizer PSSIII [75]. The generator is con-
nected to the infinite bus through transmission lines. The entire model 1 can be

1The model that has been used for the case studies has been developed in Modelica. All the
model components are included into OpeniPSL library and can be found in open access [115].
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described in state space form, as follows:
dx

dt
= f(x(t), ρ, u, ξ) (6.1)

y = h(x(t), ρ, u, σ), (6.2)

where {x, ρ}- states/parameters (some of them to be estimated); σ - measurement
noise, ξ - process noise; and u - input (e.g. terminal voltage), y - measurements.

Given the discrete measurements (input and output) un = {ui, i = 1..n} and
yn = {yi, i = 1..n} obtained every i∆t, where i = 1, 2...n, the model can be
discretized:

xn = f(xn−1, ρn−1, un−1ξn−1) (6.3)
yn = h(xn, ρn, un, σn), (6.4)

6.3 Identification approach

To address the problem formulated in Section 6.2, the algorithm depicted in Fig.6.2
have been developed:

Figure 6.2: Global algorithm of the uncertainty distributions and confidence inter-
vals identification

1. Given measurements, the assumed model structure and the parameter space
that defines the limits in which the parameters can vary, execute particle filter
routines to identify parameter values. The output of the filter are particles
that are coordinates in parameter space, their weights and fitness (Section
6.3.1).

2. Choose the covariance for the selected Gaussian kernel2 using one of the
available algorithms (see Section 6.4.2) that exploit the particles and their
weights, received as an output of the particle filter.

2Gaussian kernel meant to be a normalized sum of Gaussians centralized around each particle
and scaled by particle weight.In that way it forms the final uncertainty probability density function
(pdf).
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3. Using the selected covariance, particles that define mean values for Gaus-
sian mixture, and weights, reconstruct the uncertainty distribution for the
estimated set of parameters (Section 6.4.1).

4. Marginalize3 the uncertainty distribution with respect to each parameter to
receive a univariate pdf. The latter depends only on one parameter and
defines the uncertainty interval of this parameter.

6.3.1 Particle Filter as a Bayesian Filtering Implementation
Bayesian filters, the class of filters to which PF belongs, recursively estimates a
belief (pdf) in the parameters 4 {xn} [52] by using all available information about
the system’s structure and measurements (6.3), (6.4).

The algorithm starts by assuming that the initial pdf that is called prior,
p(x0|y0) = p(x0), is given. Then the final pdf that is often referred as a poste-
rior, p(xn|y1:n), is iteratively constructed. This iterative process is is a stochastic
Markovian process itself, where the next (n+1) parameter set is determined by the
pdf at point (n) given the model of the system (prediction step) and real system
measurements (update step). PF proceeds in this manner through discrete approx-
imations the posterior pdf p(xn+1|yn) by a set of random samples (particles) of a
parameter space {x(i)

n } drawn from the posterior pdf. Each particle is a concrete
instantiation of the state/parameter value at time t. Let N be a number of parti-
cles the parameter space x(i)

n is defined with, so that the prediction step of discrete
approximation is described by the Chapman-Kolmogorov equation, [22]:

p(xn|y1:n−1) =
Nn−1∑
i=1

p(xn|x(i)
n−1)p(x(i)

n−1|y1:n−1), (6.5)

where p(xn|x(i)
n−1) - transition density in importance function. The result of predic-

tion step at (n + 1) is improved by using Bayes’ rule once the measurements (yn)
at point (n+ 1) become available.

p(xn|y1:n) = Ω−1
n p(yn|xn)p(xn|y1:n−1) (6.6)

The normalizing constant C can be evaluated using:

Ω = p(yn|y1:n−1) =
Nn−1∑
i=1

p(yn|x(i)
n )p(x(i)

n |y1:n−1). (6.7)

The likelihood function p(yn|xn) is represented through the measurement equa-
tion (6.4), where the properties of the measurement noise are known.

3Marginalization is an act of retrieving the pdf for a parameter discarding other parameters
from the joint parameter pdf.

4The states are variable parameters that can be included into estimation process. Therefore,
for simplicity lets assign xn(i) to a set of parameters that are aimed to be identified.



6.4. EXTENSIONS TO THE PARTICLE FILTER ALGORITHM 64

In Algorithm 2, the action of assigning and updating weights ω(i)
0 for each parti-

cle is called weighting. The weighting is specific and based on the value of the fitness
function that is defined as the relative squared difference between simulated and
real measurements in Algorithm 2. Transition density p(xn|x(i)

n−1) can be obtained
from model structure by passing samples trough equation (6.3).

Algorithm 2 Particle Filter
1: procedure PF(pmin, pmax, N, ε, nit)
2: while n < nit and {stop criteria} do
3: Step 1. Initialization (sampling from uniform prior pdf):
4: for i = 1 to N do
5: draw the samples x(i)

n ∝ p(x0)
6: ω

(i)
0 ← 1/N .

7: Step 2. Importance Sampling:
8: for i = 1 to N do
9: draw samples x̂(i)

n ∝ p(xn|x(i)
n−1),

10: x̂
(i)
n ← {x(i)

0:n−1, x̂
(i)
n }

11: Step 3. Weight update with normalization:
12: for i = 1 to N do
13: RSSD(y, ŷ)← 1

L

∑
i(
yi−ŷi
yi

)2

14: fitness← RSSD(y, ŷ)
15: ω

(i)
n ← 1− fitness∑

i
fitness

16: Step 4. Resampling:
17: Generate/prune particles x(i)

n from {x̂(i)
n }

18: according to ω(i)
n /(prune if ω(i)

n < ε)
19: to obtain N random samples

where [pmin, pmax] - range of parameters’ values which define parameter space, N - number
of particles used to fill the space of parameter values; Y - real measurements; Ŷ - estimate;
ε - prune threshold (defines which percentage of particles with lowest weight will not
survive); {stop criteria} - set of conditions to finish the main procedure cycle; L - number
of measurement instances.

6.4 Extensions To The Particle Filter Algorithm

In this section the estimate distribution with definition of all the parameters to
be described. Ability to reconstruct the full distribution gives benefit to engineer
to observe peaks and hollows meaning probability mass allocation of the estimate,
in other words, local optimums. In this case, for nonlinear model the distribu-



6.4. EXTENSIONS TO THE PARTICLE FILTER ALGORITHM 65

tion to be reconstructed has non-Gaussian form, therefore, the confidence intervals
quantitatively can’t be estimated only by one covariance matrix in the closed form.

6.4.1 Estimate Distribution Reconstruction
The posterior distribution that is an output of particle filter is described by par-
ticles with weights assigned according to a fitness function that is presented in
Algorithm 2. The continuous pdf can be constructed from PF by assigning so
called kernel function to each particle. The solution is to use each particle as the
center of the kernel and the overall density will be composed as a mixture of the
kernel densities. In this particular case, a Gaussian kernel was chosen, and thus,
the resulting distribution can be estimated using Gaussian mixtures, as illustrated
in Fig. 6.3 :

p(x) =
N∑
n=1

wnN (xn|µn,Σn), (6.8)

where
∑N
n=1 wn = 1, 0 6 wn 6 1 - normalization of N individualM -dimentional

Gaussian components N (xn|µn,Σn), where M - number of parameters.

Figure 6.3: Gaussian mixture distribution reconstruction (illustration for equation
(6.8))

Each component is a multivariate Gaussian distribution given by:

N (x|µ,Σ) def= 1
(2π)M/2|Σ|1/2 exp

(
− 1

2(x− µ)TΣ−1(x− µ)
)

(6.9)
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where x = [x1.. xM ] - vector of parameters.
In (6.9), ∆2 = (x−µ)TΣ−1(x−µ) represents the squared Mahalanobis distance

[7] between x and µ. When ∆2 is equal to a constant, it will define ellipsoids that
result in locus of the equal density level of each Gaussian component. This means
that it defines the confidence contours on the required, user-predefined confidence
region percentage (e.g. 95%).

Decomposing the covariance in (6.9) to eigenvalues and eigenvectors using the
Cholesky decomposition [102] (Σ = UΛUT ) gives the following:

Σ−1 = U−TΛ−1U−1 = UΛ−1UT =
M∑
m=1

1
λm
umu

T
m (6.10)

where U - eigenvectors, Λ - diagonal matrix of eigenvalues [λ1..λm]m=1:M .
Substituting (6.10) in the squared Mahalanobis distance of (6.9), it can be shown

that:

(x− µ)T
( M∑
m=1

1
λm
umu

T
m

)
(x− µ) =

M∑
m=1

y2
m

λm
(6.11)

where ym
def= uTm(x− µ).

The confidence space5 of a parameter vector x can be defined as the union of M-
dimentional ellipsoids (see Appendix B). The number of the ellipsoids corresponds
to the number of Gaussians in a Gaussian Mixture model, which is created locating
the means of Gaussian components in each PF particle.

From (6.11), the M-dimensional ellipsoid described by a constant Mahalanobis
distance, can be presented as follows:

Si =
M∑
m=1

y2
m

λm
= a (6.12)

where a - defines the scale of the ellipse.
The squared Mahalanobis distance ∆2 is a sum of squared M Gaussian data

samples that are distributed according to the Chi-Square distribution (χ2) with M
degrees of freedom. Therefore, one has to find the probability P (x ≤ at) = I where
x is less than or equal to a specific value, which can easily be obtained using the
cumulative Chi-Square distribution.

Note that the union of the ellipses is given by:

S =
N⋃
i=1

Si (6.13)

where N is the number of particles.
5The confidence space is referred as confidence interval when the space is of 1-dimension.
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6.4.2 Covariance Selection
Covariance in the Gaussian kernel (6.8) plays the role of a smoothing parameter
that defines the shape of the reconstructed estimate distribution. Small covariance
values Σn of each M -dimensional Gaussian component increase the asymptotic
variance, meaning that the resulting distribution shape will be "wavy" with many
extra graphical features, such as peaks and cavities. On the other hand, big values
of the covariances reduce the (asymptotic) variance but increase the (asymptotic)
bias, thus smoothing away the true distribution peaks [108].

In this thesis three methods for bandwidth selection are applied and compared:
Rule of Thumb, Least-Squares Cross Validation, and the Plug-in method [46].

Rule of Thumb (ROT)

This method is based on the asymptotic mean squared error estimator AMISE(h).
The optimal bandwidth ĥrot obtained from differentiating AMISE(h) w.r.t. stan-
dard deviation (bandwidth)6 h and calculating root of the derivative. The result
is simplified substituting the unknown true density function f(x) with a standard
normal distribution rescaled to have variance equal to the sample variance σ̂2:

ĥrot = argmin
h

AMISE(h) = 1.06σ̂N− 1
5 (6.14)

AMISE(h) = (Nh)−1
∫
K2(x)dx+

+h4

4

(∫
x2K(x)dx

)2 ∫ (d2f(x)
dx

)2
dx

where Ki = NωiN (xi|µi, hi)- the kernel function7; f̂h(x) = 1
N

∑N
i=1 Ki - density

function estimator. Note: Integration is performed over the x parameter space.

Least-Squares Cross Validation (LCV)

This method is based on the integrated squared error function ISE(h).

ISE(h) =
∫

(f̂h(x)− f(x))
2
dx =∫

f̂2
h(x)dx− 2

∫
f̂h(x)f(x)dx+

∫
f2(x)dx

6In statistical research, the standard deviation that has to be estimated is referred as band-
width [108].

7For simplicity, the kernel and the estimators are presented for 1-d space kernel. For multidi-
mentional representation, it is recommended to refer to [24].
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Due to the third term of ISE(h) doesn’t depend on h, one can use Least-Squares
Cross-Validation function LSCV (h) as an estimator for ISE(h)−

∫
f2(x)dx:

ĥLSCV = argmin
h

LSCV (h) = (6.15)

argmin
h

(∫
f̂2
h(x)dx− 2

N∑
i=1

f̂h

)
(6.16)

Plug-In method (HSJM)

The main idea of the HSJM8 method is to take one further term Ψ in the asymptotic
expansion of the integrated squared bias:

ĥ = argmin
h

AMISE2(h) = argmin
h

(AMISE(h)−Ψ) (6.17)

where
Ψ = 1

24h
6
∫
x2K(x)dx

∫
x4K(x)dx

∫ (d3f(x)
dx

)2
dx (6.18)

The minimizer (6.17) is not easy to calculate, therefore, the asymptotically equiv-
alent ĥHSJM is used:

ĥHSJM =
( ∫

K2(x)dx

N
( ∫

x2K(x)dx
)2
Î2

) 1
5 + (6.19)

∫
x4K(x)dxÎ3

20
∫
x2K(x)dxÎ2

( ∫
K2(x)dx

N
( ∫

x2K(x)dx
)2
Î2

) 3
5 (6.20)

where Î2 and Î3 are functionals that depend on true density function derivatives
of 2 and 3 order respectively and should be estimated (for more details refer to
Section 3 of [38]).

6.4.3 Confidence Region (Intervals) Identification
The problem of the mixture of multivariate Gaussians lies in the fact that the max-
imum likelihood solution for the parameters no longer has a closed-form analytical
solution. This means that the moments of the distribution (mean, variance, peaks)
need to be found numerically as a superposition of weighted multivariate Gaussians.

In this context, the task of a required confidence space allocation, and conse-
quence confidence intervals allocation, is transformed into the following problem:

Find the cutting surface C : p(x) = b that intersects with the Gaussian mix-
tures pdf p(x) given by (6.8) and gives a projection contour area on (x1, .. , xM )
coordinates plane equal to S, where S - union of ellipses.

8The abbreviation refers to Hall, Sheather, Jones, and Marron’s work in [38].
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To find the confidence interval for each estimated parameter, the Gaussian mix-
ture pdf has to be marginalized, thus defining the uncertainty distribution for each
parameter xi.

6.5 Case studies

The following case studies were performed to assess the proposed algorithm, which
includes posterior distribution and confidence intervals estimation. For this pur-
pose the RaPiD Toolbox [114] was extended by implementing the proposed theory
in Section 6.4. The simulation data was generated using the FMI Toolbox for
MATLAB allowing for Simulink usage.

The single-machine infinite-bus power system (Fig.6.1) was modeled using Mod-
elica and used to simulate the system’s response. RaPiD [112] allows the param-
eters estimation of the generator and its controls. To excite the system a probing
signal was given to reference inputs and a tree-phase fault was applied. The param-
eter values used to initialize the algorithm were chosen according to known ranges
that are available for different components in the literature [5]. Hence, the prior
pdf was chosen as uniform in the parameter space defined for initialization.

Each case study subsection is divided into parts:

• Model: It describes the model setup for the particular case study. The
parameters that are estimated and their range of values. Also, the excitation
input signal is presented if any is applied. For each case the model in Fig.6.1
with parameters in Appendix A.3 is used.

• Measurements: The measurements that are used as output signals used in
evaluation of fitness in Algorithm 2.

• Choice of the number of particles, Choice of Σ, etc.. Those contain
the results analysis of the global algorithm steps corresponding to Fig. 6.2

The results for all cases are summarized in Table 6.4.

6.5.1 Case 1: Illustrative Example Using Measurement Data
from Staged Tests

This case aims to illustrate the proposed method showing: a) the reconstruction
of the uncertainty pdf of the estimated parameters, b) the identification of the
confidence regions of a model estimated parameters. This case targets have been
illustrated using the identification of confidence regions in a 2-dimensional form. In
this case the field measurements have been used.

Measurements: The measurements used in this example come from staged
tests that were performed on a turbine-governor set to determine the response of
the turbine to system frequency deviations, thus the measured output data is the
turbine mechanical power output pm.
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Table 6.1: Computational complexity evaluation (Case 1)

N=5 N=10 N=20 N=30 N=50 N=70 N=100
Time, s 60.03 78.76 143.67 176.67 274.79 391.45 588.04

Model: The turbine parameters of the power plant system model that most
influence the power output are the droop (R) and governor time constant (Ts).
Hence, they were chosen for estimation. For this case study the power plant was
operated at different power dispatch levels by varying the initial power p∗in [105].
The initial power was measured in percentage of the so-called Maximum Continuous
Rating (MCR) that refers to the gas turbine output at which it enters into the
temperature limit control regime under normal air (temperature/humidity) ambient
conditions, which is 95% of MCR for this particular case. An incremental signal
(∆ω = +0.2Hz (0.004 p.u)) was injected to the frequency reference input of the
governor to mimic the effect of a variation in the system’s frequency.

Initial parameter values were sampled from a uniform distribution on the space
xmin(R, Ts) = [0.03 0.6], xmax(R, Ts) = [0.08 1.5]. To define the appropriate num-
ber of particles for estimation, experiments that compare the error value depen-
dency on the number of particles were performed. The results from the experiments
are shown in Figs. 6.4-6.7.

Choice of the particles number

The computational complexity of the Particle Filter highly increases with the in-
crease of chosen number of particles (see Table 6.1) [124]. In addition, complexity of
the inverse computation of Σ rises with the increase of dimension. For this reasons,
it is important to choose an optimal number of particles for the selected case. In
Figure 6.4a the estimation error of the algorithm steeply drops with the increase of
the number of particles. After N = 10, the estimation error (fitness), which is pre-
sented in Fig. 6.4b, remains approximately the same, i.e. equal 6 · 10−6. Therefore,
N = 10 is chosen.

Choice of Σ

To reconstruct the estimate uncertainty distribution (given particles and their
weights after the Particle Filter run), the bandwidth of the kernel has to be es-
timated (see Fig.6.2). In the case of the Gaussian kernel, the standard deviation
is such so-called "bandwidth", that has to be estimated. It is assumed that each
component of the Gaussian mixture has the same bandwidth and that all the es-
timated parameters are independent. In other words, Σ (6.8) is a MxM diagonal
matrix, where each diagonal value corresponds to the dimension of each parameter.
For this purpose three methods for data-based bandwidth selection were applied
using the KDE Toolbox for MATLAB [42].
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Figure 6.4: a) Estimation error (fitness) and b) Confidence area dependency on
number of particles (Case 1 in Table 6.4)

Table 6.2: Estimates of reconstructed pdf (Fig. 6.5)

Method mean(p(R)) mean(p(Ts))
ROT 0.064 0.99
LCV 0.062 0.99
HSJM 0.061 0.99
Gauss 0.060 0.97
Real value 0.060 1

The methods for droop estimation of the same performance in terms of confi-
dence in estimates are the Rule of Thumb method and the Least-Squares Cross Val-
idation method. The Rule of Thumb method minimizes the sample variance while
maximizing confidence. Least-Squares Cross Validation provides a more prominent
peak at the parameter value. As it can be observed in Fig. 6.5, ROT smooths out
the distribution features more than other methods, and therefore it is not appropri-
ate for estimation of "wavy" distributions with two peaks close to each other, which
is not the case in this example. The LCV method is more sensitive to variance
than ROT, but less sensitive than HSJM (Fig. 6.5). The best method for the time
constant uncertainty pdf is LCV, as it gives maximal confidence (Fig. 6.5).

Another way to evaluate the performance of the proposed methods is to compare
their estimates to the real (known) parameter value. Thus, after reconstructing the
distributions (6.5), the mean values have been compared. The result shows that
all the values are close to the real value, but in the case of the case of droop R
estimate, the best performance is shown by Gauss method, while the ROT gives
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Figure 6.5: Marginalized estimate uncertainty pdf(s) and σ choice (Case 1 when
N=10 in Table 6.4)

the worst. The opposite behavior of Gauss and ROT has been observed in the case
of time constant estimate Ts. The closest estimates to the real values have been
given by HSJM method.

The effectiveness of the algorithm can be assessed by comparing the confidence
regions estimated using a Gaussian distribution and the proposed method. Under
the assumption that the samples of the posterior distribution are from the Gaus-
sian distribution, the confidence region can be evaluated. For each parameter, i.e.
droop (Fig. 6.5a) and time constant (Fig. 6.5b), a comparison between the best esti-
mated bandwidth using the proposed methods and the bandwidth estimated using
a Gaussian distribution is shown. It can be concluded that the Gaussian distribu-
tion simplifies the shape and it is valid only for rough approximations, while the
proposed methods provide increased shape resolution and an increase of confidence
for smaller percentages of probability. For example, in the case of 95% probability,
the right value lies in the estimated interval, the difference in the intervals esti-
mated from the compared methods is negligible; however, for 50% probability, the
intervals shrink considerably.
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Figure 6.6: Reconstructed estimate uncertainty probability density function (Case
1 when N=10 in Table 6.4)

Estimate Uncertainty Distribution and Confidence Region
Reconstruction

For the estimated characteristics (w, µ, Σ, N), the distribution (6.8) is recon-
structed (Fig. 6.6) and the confidence region ((6.13) and Subsection 6.4.3) is de-
fined. The estimated and the real parameters values lay in the identified confidence
region. It is worth to notice that the real values of the identified turbine governor
parameters lay at the peak of the reconstructed distribution. Considering the high
precision or, namely, small estimation error of the Particle Filter, an engineer can
use smaller than 95% confidence interval when defining the parameter’s variance.

Verification of the particle number choice

To verify the choice of the number of particles, the confidence regions of 95%
and 65% were estimated for particle numbers in the range of [5..100]. Results are
presented in Fig. 6.4. The shape of the distribution, created by increasing the
number of particles, causes an increase in the area of the confidence regions as
shown in Fig. 6.4. An adequate number of particles must correspond to a minimal
fitness and a small uncertainty or confidence area. Therefore, N = 10 is an adequate
number for this case study.
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Figure 6.7: 95% confidence region of [R, Ts] parameters uncertainty of estimate
(corresponds to Case 1 when N=10 in Table 6.4)

To analyze the dependency of confidence intervals to the number of particles for
each estimated parameter, 95% confidence intervals were extracted by marginalizing
the reconstructed distributions. Figure 6.8 shows the estimates with respect to
the real value of the parameters and the 95% confidence region limits for each
parameter. The 95% confidence region for the Ts estimate grows as the number of
particles increases from N = 5 to N = 70, while there is no clear dependency for
the 95% confidence region of R estimate.

These results imply that the droop R can be precisely estimated when N > 5,
while the time constant’s Ts value is underestimated for most of the cases. This can
be explained by considering the fact that the tests performed in the plant did not
heavily excite transient dynamics, and thus, these dynamics are difficult to observe
in the measurement data, in addition to the presence of measurement noise. This
causes a comparatively large divergence in the estimates of Ts with respect to those
of R.
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Figure 6.8: Confidence limits of the 95% probability for each parameter vs the
number of particles (N) (Case 1 in Table 6.4)

6.5.2 Case 2: Power plant parameter estimation under steady
state operation using simulated measurements

In order to illustrate the methodology on a large set of estimated parameters,
simulations of a power plant connected to a grid were performed.

Model: The power plant model used in this case is shown in Fig. 6.1. The
detailed list of parameters of each component is available in [105]. The parameters
to be estimated are the generator’s inertia M0 (initial value range [6..7]), governor
droop R (initial value range [0.04..0.065]), governor time constant Ts (initial value
range [0.5..1.5]), automatic voltage regulator (AVR) gain K0 (initial value range
[4..6]), the AVR’s field circuit time constant Te (initial value range [0.005..0.03]),
washout gain of the power system stabilizer (PSS) Kω (initial value range [20..90]),
and the PSS’s washout time constant Tω (initial value range [5..40]).

Measurements: The following synthetic measurements have been used: volt-
age phasor (v.i, v.r) and current phasor (i.i, i.r) from bus (Fig.6.1), mechanical
power (pm) (output of the turbine governor), speed (ω) (input to the turbine gover-
nor), voltage (vs) as the PSS output, and the field voltage (vf ) as the AVR’s output.
The sampling rate of the simulation was set to 50 samples/s. A 1% Gaussian white
noise was added to the voltage and current phasors.

Choice of number of particles

To keep the estimation error low, the number of particles needed for the set of 7
parameters to estimate is bigger than in the case for 2 parameters. Figure 6.9 shows
that for Case 2 the estimation error is minimized when N=500.
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Figure 6.9: Estimation error (fitness) dependency on number of particles (Cases
2-4 in Table 6.4)

Table 6.3: Bandwidth estimation by ROT method (N=500) (Case 2-4)

Param. name Case 2 Case 3 Case 4
Generator inertia GEN.M0 0.1606 0.1622 0.1644
Governor droop TG.R 0.0040 0.0041 0.0032
Governor time constant TG.Ts 0.1608 0.1695 0.1706
Regulator gain AVR.K0 0.3254 0.3295 0.3301
Field circuit time constant AVR.Te 0.0041 0.0040 0.0041
Washout gain PSS.Kp 11.4467 11.0949 11.3064
Washout time constant PSS.Tw 5.4861 5.6393 5.5079

Choice of Σ

Taking into consideration the analysis for the choice of Σ in Section 6.5.1, the ROT
method was chosen for Cases 2-4.

Results are summarized in Table 6.3.

6.5.3 Case 3: Power plant parameters estimation under
transient grid disturbances using simulated measurements

Model: This case study was performed for a case when the system is excited
with a 3 phase fault occurred at t = 10 − 10.2 s. Such a test should enable
engineer to obtain a more precise estimation of a certain time constants by having
additional system excitation. In addition, it allows to test the method with a larger
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Figure 6.10: Marginalized estimate uncertainty pdf(s) (Case 3 (N=500) in Table
6.4)

dynamic variation in the system states, which makes the identification problem
more complex. All the other simulation and identification settings are the same as
in Case 2.

Measurements: In this case, a 1% Gaussian process noise was added to the
bus in order to imitate the natural power fluctuations observed in reality.

Choice of number of particles

When a large disturbance is applied to the model, the system dynamics are activated
and reflected in the simulated data (measurements). The operating state may
vary and non-linear components become active, which brings more uncertainty
into identification process. For this reason, the estimation error is higher than in
the steady state operation case (Case 2). The error is relatively unchanged with
growth of the particles number (Fig. 6.9), so N=500 was chosen for convenience
and consistency with other cases.
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Figure 6.11: Marginalized estimate uncertainty pdf(s) (Case 4 (N=500) in Table
6.4)

6.5.4 Case 4: Power plant parameters estimation that under a
transient grid disturbance and non-Gaussian noise using
simulated measurements

There are several types of noise that are more prominent in power systems, which
may corrupt measurements or influence the process. The largest influence is that
of thermal noise (Johnson-Nyquist noise) present in every conductor, and Flicker
noise (or 1/f noise) that is present in almost all electronic devices. The latter,
contrary to thermal noise, has a non-white wide-band spectrum that is known as
"pink" noise.

Model: In this case study the performance of the algorithm is observed in
the case when a 3 phase fault disturbance and a 1% non-Gaussian "pink" noise
as process noise is applied. The process noise has influence on each input-output
signal measured in the system.

Measurements: The synthetic measurements have been taken and used in
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this case study are the same as for the Case 2. The difference with Case 3 is that
1% non-Gaussian "pink" noise is added to the voltage and current phasors at the
bus (Fig.6.1).

Choice of number of particles

Figure 6.9 shows that the estimation error decreases with the increase of particles
number. The optimal particle number can be considered equal to N=500, due to a
large drop of the error value from N=300 to N=500, and approximately the same
value for the error after N=500. In addition, it allows for comparison with Cases
2-4.

6.5.5 Estimate Uncertainty Distribution and Confidence Region
Reconstruction: Comparison of Cases 2-4

For the estimated distribution characteristics (w, µ, Σ, N), the marginal distribu-
tions (6.8) are reconstructed in Fig. 6.10-6.11 for Case 3 and 4 respectively. The
marginal confidence regions, that are formulated in (6.13) and Subsection 6.4.3, are
estimated (Table 6.4). The estimated and real parameter values lay in a region
that is smaller than 65% of confidence. It is worth to notice that the AVR param-
eter values are the most distant from the peak of the reconstructed distribution
than other parameters. Considering the high precision or small estimation error
of the Particle Filter, an engineer can use smaller confidence interval than 95%
when defining the parameter variance. The assumption is that the solution to the
formulated problem is unique in the defined initial parameter space is confirmed.
It is possible to observe one prominent peak for each marginalized distribution.

6.6 Discussion

The developed methodology of parameters identification with their uncertainty rep-
resentation in form of the distribution can play important role in power system
models validation and parameters calibration [51],[4]. The model validation regu-
larly performed by transmission system operators (TSOs) to keep the models up to
date. These models are used to test system operation in different conditions. Based
on these tests TSOs derive guidelines that comprise the set of actions in order to
preserve normal operation of the grid. Current practices mainly based on Kalman
filters [40] estimating the uncertainties by uni-modal Gaussian distribution. This
approximation is not always valid.

One of the possible cases in which the shape of estimated distribution is im-
portant become when bivariate ambiguity in parameter estimation takes place.
Namely, when exchange of estimated parameters values won’t change precision of
system output. For example, several time constants of the controller (e.g. static
var compensator) are laying in the same range of values, so the algorithm will be
initiated in the same parameter estimation range. But having measured only input
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and output of the controller will not allow to define which estimated value belongs
to which parameter. So the problem in such formulation will have two possible
answers. The final decision on a proper estimate has to be taken by the operator.
Advantage of the proposed method consists in ability to estimate two or more-
peaked distribution instead of rough approximation of Gaussian estimate.

The shape of the uncertainty distribution in parameter space is crucial in deci-
sion of particularization of the assumed model. This can help the engineer to decide
on another experiment set up for model validation or parameters calibration. For
example, if the top of the distribution is flat, there is a big range of the parameters
that give approximately the same fitness. The reason for that could be that the
measured signals are not are not sensitive to the parameters. In this case the mea-
sured signals to use in identification workflow should be selected by considering the
dynamics where the parameters of interest are involved [89].

Observing the estimated parameter uncertainties can help to verify the assumed
model structure. Such information can be found in the estimation errors (fitness)
calculated by the algorithm. In the case the model structure is erroneous, the fitness
value is large. This indicated to the operator to change the model assumption.

This work can also be valuable for robust control design [15]. For this task it is
of crucial importance to consider the uncertainties in parameters of real engineering
systems that are vulnerable to external disturbances and measurement noise. In
addition, the calibrated model can significantly decrease the requirements for robust
control design.

The proposed method can be used for uncertainty assessment of state tracking.
However, the precision of the state estimator can be improved employing the In-
teracting Multiple Model (IMM) algorithm [32]. IMM combines state hypotheses
from multiple filter models (e.g. Particle Filter, Kalman Filters) to obtain better
estimates. IMM has been applied in the aerospace field [70] for highly maneuvering
target tracking and could be applied in complex nonlinear power systems for state
tracking of generators and their controls.

The proposed methods for bandwidth selection are not the only that could
solve the density reconstruction problem. The expectation maximization (EM)
algorithm, that has been widely used for other applications in power systems [99],
[35], could also be applied. This can be considered as a future extension of the work
presented in this thesis.

6.7 Implementation considerations

The proposed methodology is generic and can be applied to any physical system,
not only the power systems. This covers the range of the applications in multi-
domain modeling. In order to get a good estimate located closer to the peak of
the uncertainty distribution, the assumption of the model structure has to be cor-
rect and the measurements being sensitive to the estimated parameters dynamics.
As more measurements are used, more precise the parameters can be estimated
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(avoiding dynamics interference or superposition effect). The quality of the es-
timates depends also on the sampling frequency. Suppose an engineer wants to
estimate the time constants, then the measurements has to be sampled following
Nyquist-Shannon-Kotelnikov theorem.

Precision of the distribution reconstruction highly depends on number of par-
ticles chosen in the algorithm. The small number of particles can lead to the
erroneous conclusions on the uncertainty and large estimation error. Therefore, it
is recommended to calibrate the algorithm on the known model before applying to
the real system parameters identification.

6.8 Summary

A new methodology to estimate model parameters and their uncertainty distribu-
tions, therefore, the parameter confidence intervals, has been presented and justi-
fied. The particularization of the particle filter as the nonparametric Bayesian filter-
ing concept has been studied. The number of particles has been chosen considering
computational time and fitness value. The bandwidth estimation algorithms has
been compared by considering estimates’ real values and the distributions’ shape.
In addition, the confidence area/intervals dependency on the number of particles,
and the presence of noise, has been studied. The proposed and alternative meth-
ods were applied to estimate the parameters of a Greek power plant considering
steady-state and transient operation conditions. The proposed methodology gives
additional insight into power system properties when estimating the parameters of
the model. This allows power system analysts to decide on the design of validation
tests of the chosen model. Consequently, this technique is recommended for power
system analysts when performing power system model validation and parameter
calibration tasks.



Chapter 7

Modeling and Aggregation of
Thermostatically Controlled Loads
for Voltage Control-Based
Ancillary Service

"My dear, here we must run as fast as we can, just
to stay in place. And if you wish to go anywhere
you must run twice as fast as that."

— Lewis Carroll, Alice in Wonderland

7.1 Introduction

One of typical ancillary service, which is considered in this chapter, is energy imbal-
ance management or load following1. The distinctive characteristic of this service is
that regulation relies not only on the Real-Time Energy (PJM) or Regulating Power
Market (Nordic), but also on the network capacity (loads) present in the system to
be able to maintain balance in the grid (operating in a small energy range). The
technical requirements for such type of ancillary services demand continuous me-
tering (synchrophasors (PMU), supervisory control and data acquisition (SCADA)
or interval data recorder (IDR) measurement data). In addition, some transmission
system operators (TSOs) require to have a minimum size of load capacity reserves
to meet regulation requirements, especially those who consider imbalance energy

1Energy imbalance management or load following is defined in [31], and it is used to ensure
balance between demand and supply in a time window of ten minutes to hours (see pp.6 and Table
3 in [31])

83
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services as real-time response services (stringent response requirements). The lat-
ter greatly depend on time frame response rules and network characteristics (size,
reliability, communication and control constraints, etc.).

Ancillary services differ from usual demand response strategies that operate on
short to medium time scales.2The most appropriate type of loads to provide ancil-
lary services are thermostatically controlled loads (TCLs). The potential of TCLs
has been broadly discussed in the scientific [123], [73] and industrial circles [82];
while controllability of electrical loads is a current research topic [16]. Differently
from Conservation Voltage Reduction (CVR) [97] which aims to reduce energy con-
sumption resulting from a reduction of feeder voltage, the goal of this work is to
provide ancillary services controlling voltage and active power. In this context, an
additional controller into the load tap changing control loop is proposed.

The goal of this research is to investigate and assess the ability to maintain
network balance when controlling the voltage signal at the point of common cou-
pling (PCC) where a load tap changer (LTC) is placed. Assuming a large amount
of TCLs (which is the most common type of load in distribution networks), it is
possible to aggregate a sufficiently large load power consumption response change
(smoothing) over time to maintain ancillary service requirements. This change can
be achieved by varying the voltage in a small (3%-5%) range, while respecting
constrains of other control devices.

7.2 Load Modeling

This section provides the model of a single TCL and induction motor model char-
acteristics which can contribute to voltage control-based ancillary service .

7.2.1 Induction motor model
Most of the TCLs are operated by induction motors that are used to transfer the
mediums involved in heat exchange, e.g. air in air conditioners, water in district
heating systems, and organic working fluids in refrigerators. The electrical torque
of the motor depends on the motor’s terminal voltage and slip. In steady state the
electrical torque will be balanced by the mechanical torque, that for most of the
TCLs has a quadratic dependence on the speed. Hence, the drop in the voltage will
induce a small drop in the velocity, and consequently, drop in power (Figure 7.4).
The exact sensitivity depends on the speed-torque profile of the motor, mainly
through the impedances of the rotor and stator. More resistive loads will be more

2As described in [65] demand response focuses on emergency load relief and peak load man-
agement or price responsive demand. For ancillary services technical requirements are more chal-
lenging in terms of speed and accuracy; the energy component is small relative to capacity. Fur-
thermore, ancillary services are needed year-round and not just during peak hours. Ancillary
services involve small amounts of energy, but their real value is in the capacity held in reserve
and the technical capability to respond reliably and quickly to maintain balance (for more details
see [65]).
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sensitive to voltage variations, whereas lightly loaded motors with high efficiency
will be less. The following section proposes a generic power dependency on the
voltage that will need to be adjusted to specific systems in more detailed analysis.

7.2.2 Thermostatically Controlled Loads (TCLs) model
The TCLs are described using a model that is common in the literature [123], [69].
Each individual TCL model is represented using the model:

∂θ

∂t
= 1
τ

(−θa + θ + PR) (7.1)

where θ - temperature [◦C]; P - power consumption [kW],
V - voltage [V], C - thermal capacitance [kWh/◦C], R - thermal resistance [◦C/kW],
Rr - rated resistance, θa - ambient temperature [◦C], τ equals C∗R, and P equals u(t)∗
V 2(t)/Rr. Subject to the switching condition:

u(t) =
{

u(t) if θmin ≤ θ ≤ θmax
1− u(t) otherwise

where u(t) = 1 if the TCL is on, u(t) = 0 if the TCL is off, and u(t) otherwise.
To illustrate the dependency of the power consumption on the voltage change, the
model of the single TCL with an input voltage ramp in the range [0.8, 1] was
simulated. The change in power consumption is quadratically proportional to the
voltage change (Fig. 7.1).

Figure 7.1: Single TCL model response
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7.3 Bilinear model of aggregated load ensemble

There are several ways to approach the problem of TCL aggregation [69], [67], [64].
A TCL ensemble can be presented in the following form:

x(n+ 1) = (A+ UB)x(n)
y(n) = Cx(n)

(7.2)

where A is a n × m dimensional matrix of probabilities of any randomly chosen
TCL to transit from mi = [θstarti .. θendi ] to ni+1 = [θstarti+1 .. θendi+1]. In this case m
and n are of the same value. Assuming that the voltage V (t) in equation (7.1) is
the same for each TCL in the aggregation, U turns to a coefficient equal to V 2(t).
Matrix B is a square sparse matrix of the same size as A.

The state matrix A can be derived from an approximation of the solution to the
coupled Fokker-Planck equations which describes the evolution of the probability
densities of the system. The infinite difference method is used for this purpose.

As shown in Fig. 7.2, the measured output of the bilinear system is the consumed
power or conductance (if one doesn’t want to include voltage dependence in the
output). Considering a homogeneous group of TCLs, the power consumption can
be represented as:

P (t) =
∑

0<i<n
Pi(t) = Pi

∑
0<i<n

u(t) = V 2(t)
Rr

Nu(t) (7.3)

where u can be approximated to the expectation of the N devices homogeneous
group state conditional on the dynamic parameters of this group. The process can
be written down as a system of stochastic partial differential equations (neglecting
diffusion):

∂t

[
p+(θ, t)

p−(θ, t)

]
− ∂θ

[
qonp+(θ, t)

qoffp−(θ, t)

]
= 0 (7.4)

where qon = 1
τ (−θa + θ + P (V )R) and qoff = 1

τ (−θa + θ). All the parameters
in this flux (qon and qoff ) representation are changed in comparison to the single
TCL model (7.1) due to temperature normalization (see Appendix A.5).

In Figure 7.2, the state bins division is presented, and is described by the fol-
lowing equation:

∂xi
∂t

= λi−1,ixi−1 − λi,i−1xi (7.5)

where λi takes values qon or qoff depending on the power consumption state (Fig-
ure 7.2). Taking into consideration all of the above, the equation of the output can
be reformulated as:

P (t) = V 2(t)
Rr

N
∑

0<i<n
p+(θ, t) (7.6)
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Figure 7.2: TCL Ensemble state bin transition model

Nonhomogeneous TCL aggregation can be approached similarly by dividing the het-
erogeneous group to several homogeneous groups. For parameter variations within
a small range, the expectation u(t) will be conditioned on the variable dynamic
parameters of the heterogeneous ensemble [67].

7.4 Controlling the Voltage Signal

A number of works on aggregated load modeling published in recent decades [27], [111], [12], [37]
studied the mathematical representation of loads through a fractional exponential
dependency of power consumption with respect to voltage (omitting reactive power
representation) and its influence on power system stability [66]:

P1 = P0

(
V1

V0

)α
(7.7)

where the exponent α determines the sensitivity of the load power to the voltage
with respect to voltage variations around the reference operating point (P0,V0),
that is:

α = dP/P0

dV/V0
(7.8)

According to [19] a deviation of the voltage in 1% causes change in active power
consumption around 1% [65]. This helps fulfilling the requirements for responsive
reserve services. Similar observations have been made in [48], and state that voltage
disturbances lead to power recovery to a new steady state. Figure 7.3 illustrates this
phenomenon, as observed from field measurements. This nonlinear response to the
voltage level offers an opportunity for providing ancillary services by modulating
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the voltage level on distribution feeders. The main advantage of this approach is
its relatively low cost in comparison to more technologically complicated solutions
involving smart thermostats and an additional layer of communication and control
infrastructure. Indeed, regulation of the voltage at the load side can be achieved via
a number of existing technologies, like load tap changers (LTCs), capacitor banks,
and automatic voltage regulation on generators [109]. At the same time, sensing and
control can be accomplished via existing SCADA and energy management/ outage
management systems (EMS/OMS) that are already used for voltage regulation, or
using phasor measurement units that are currently being deployed by many utilities.

There are several drawbacks of the proposed approach. The first one relates
to the relatively low range of voltage levels that are acceptable for normal power
system operation. Typically, this range is confined to 10% of the nominal voltage.
As the systems tend to operate close to the voltage limits, this implies that, in
most of the system, voltage variations will need be confined to 2 − 5%. Hence,
the response in the voltage will be similarly small. However, it may be enough to
provide ancillary services that require only about 1% of flexibility of typical power
consumption levels [65].

The second drawback wear costs incurred by system owners by frequent switch-
ing of tap changers and capacitor banks. Every switching event will add to equip-
ment wear and reduction in its lifetime. Although this may be a serious obstacle for
aging systems, it will become less of an issue as more power electronic devices (static
var compensator (SVC), static synchronous compensators (STATCOMs), and even
simple inverters) are introduced in the system. Such devices offer a unique op-
portunity for distributed voltage regulation [107] and may be naturally exploited
through the schemes discussed in this work.

The third issue is the lack of load response predictability. The load composition,
as well as environmental conditions such as temperature, are continuously changing.
Thus, the system needs to rely on control loops that adapt to constantly changing
conditions. Solutions to this problem are discussed in the following sections.
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Finally, another important problem is the long-term recovery of the load level.
Typically, individual devices are operated via a sequence of control loops that pro-
vide feedback on different time-scales. Hence, the recovery to the original power
consumption level may occur on time-scales much longer than the original tran-
sient. The most important example is the recovery of the power consumption of
an ensemble of TCLs (e.g. heating, ventilating, and air conditioning (HVACs))
that occurs on time-scales comparable to the typical duty-cycle of the devices.
This recovery limits the bandwidth of the disturbances that the voltage regulated
loads can respond to and requires more sophisticated models to be used in analysis
and synthesis of control loops. Controllers should thus consider both the short-
and long-term response of the system to voltage variations have to be introduced.
These types of control and analysis models are introduced in the following sections.

7.5 Model Of Controller

A simplified communication infrastructure between the controller located at the
distribution substation level and the grid is shown in Fig. 7.5. The control block
changes the voltage comparing an operator’s set point (power consumption demand)
and power measurements on the loads. It is assumed that the operator sets power
references that respect load capacity limits to provide the required consumption
(i.e. hidden reserves of the loads). Voltage regulation is usually performed by tap

Measurement
Communication or
Command Signal

s1...l

s1...m

Load Voltage or
Load Power

nP

1P

1
V

nV

ΔV

1P

ref
P

1

n

Figure 7.5: Block diagram of the control infrastructure and communication between
the controller and the grid

changer on distribution transformers. The load tap changer controls the voltage
of the power distribution side by changing the transformer tap ratio [111]. For
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simplicity, a continuous LTC model was chosen for simulation:

Tc
dr

dt
= V2 − V 0

2 , (7.9)

rmin ≤ r ≤ rmax (7.10)

where Tc - a control time constant, r - a continuously changing tap, V2 is the
distribution side voltage, and V 0

2 - its reference value.
As a proof of concept, a proportional control together with the LTC are used to

control the voltage change.3 This allows to use tap changing devices to provide the
ancillary service. In addition, it is a very cheap solution as compared to installing
multiple sensors and controllers at the customer side. The controller was modeled
using the Modelica language and is shown in Figure 7.6. The internal structure of

Ancillary Service Controller

refP

mP

K CTRLV

refV

refV
LTC r

Set point from control center
Measurements

1

2

Figure 7.6: Controller and LTC in cascade

the controller can be described as follows:

Vout − Vref = k(Pref − P ), (7.11)
Vmin ≤ Vout ≤ Vmax (7.12)

The proportional coefficient can be chosen according to regulation quality indicators
and can be tuned later on.

7.6 Case Studies

In this section several numerical experiments and analyses are presented to prove
the feasibility to provide the ancillary service discussed in Section 7.4 by using the
voltage as a natural regulation signal.

Each experiment (1(a, b),2(a, b)) corresponds to a different network configura-
tions and type of disturbance. The configurations are of 3 types: 1) with or without

3Observe that conventional LTC controls are untouched and the additional voltage con-
trol signal Vout is introduced to the voltage error summing junction of the LTC as ∆VLTC =
(VLTCref − Vm) + Vout, which the LTC uses for its conventional regulation function
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LTC - to observe LTC action under different type of disturbances; 2) with or with-
out control - to observe the controller performance; 3) two types of active power
references as controller input serving the main goal. The disturbances were chosen
of the 3 types: no fault, small perturbation and load shedding. Each case has to
serve the goal to get demanded power consumption change by varying the voltage
of the power distribution side. All the experiments and its results are summarized
in Table 6.4. In order to consider stochastic behavior of TCLs, the distribution of
each signal was estimated, mean and variance where summarized.

7.6.1 Case 1: Change in power consumption for a TCL load
(n=22)

The power system models that are used for different case studies include homo-
geneous and heterogeneous groups of TCLs. Each TCL has the same thermal
resistance R = 200◦C/kW, power consumption P = 0.14 p.u, θa = 32◦C, switching
temperature range of [19.75..20.25]◦C. Heterogeneous TCLs (n=10) differ in pa-
rameter C in the range [2.0..4.0571]◦C, 2 of TCLs (n=5) of [2.0..2.9143], 2 of TCLs
C=2.9143. The load tap changer (LTC) model used is the same as in [103] working
in the range [0.97..1.03] having 32 positions (Fig. 7.7).

The simulation time of the experiments is 1000 sec. For the sake of statistical
adequacy time intervals, before and after the disturbances are applied, are the same
(t = 500 sec). A small perturbation is created by disconnecting a single TCL. It
corresponds to a 4.5% load shed of the total load. A large perturbation is equivalent
to the disconnection of 5 TCLs or 23% shedding. Considering the slow dynamics
of TCLs, the 3-phase fault on the bus is applied for 1 second at t = 100 sec should
not drastically change the power and voltage profile much unless the fault was not
cleared, in such case the TCLs were switched off.

In experiment 1a (Table 6.4) a distribution feeder with TCL loads and no active
LTC (Fig. 7.7) is simulated in order to demonstrate the ability of active power
consumption to shift via voltage regulation. The impedance of lines was neglected.

In the experiment 1b (Table 6.4) the same model as for 1a was exploited, but
LTC is active in this time. The simulation starts from 50% of TCLs state being
switched on or off.

1TCL

22TCLPCC
Figure 7.7: Model of Experiment 1 (a - inactive LTC, b - active LTC) with TCL
loads (n=22)

The simulation results from experiment 1a show an active power consumption
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drop and a small increase in the mean of the voltage. The variance of the voltage
and power signals has considerably decreased in the case of large load shedding.
This can be explained by the fact that the disconnected loads were homogeneous
in their parameters with respect to those left switched on. The logical conclusion
that can be drawn is that heterogeneity results in a smoother profile of the voltage
and power signals.

Figure 7.8: Simulation results of the TCL loads (n=22) for experiment 2b with 23%
load shedding: the voltage V1 regulated by controller (blue), the transform ratio r
(red)

The results of experiment 1b include the dynamics of LTC responding to the dis-
turbances. In the case of most severe load disconnection, the voltage has increased
and the upper voltage limit has been activated at the LTC. Consequently, due to
it’s action, the voltage has decreased. Conversely, because the 5% load shed is too
small to activate the LTC, the voltage mean just increases after the disturbance is
applied.
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7.6.2 Case 2: Control of power consumption of a TCL loads
(n=22)

This experiment (Fig. 7.6)4 aims to control the voltage on the higher side of the
transformer by using the regulator proposed in Section 7.5. Communication delays
in the control feedback signal transmission and processing are neglected. To analyze
the controller’s performance, the power reference has been set to a constant value
(experiment 2a) or as a step change (experiment 2b).

Figure 7.9: Change in voltage and active power consumption with capacitor bank
activation (blue) and without (red) capacitor bank activation

Simulation results show that the power consumption is shifted due to the change

4The model in Fig. 7.6 is extended by adding an infinite bus at bus 1 and 22 independent
TCLs defined by (7.1) with parameters defined in Section 7.6.1.
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of duty cycle (Fig. 7.8). Without controlling of the loads state of switching on/off
(u(t) parameter in the TCL model (Section 7.2.2), there is a very fast and simul-
taneous breach of the maximum temperature limit (with small difference due to
heterogeneity). After that, an interruption in power consumption occurs for the
portion of duty cycle that is not controlled due to voltage independence. One can
also observe stretching of the power consumption cycle, and after, jamming with
higher amplitude peaks. These are product of voltage changes over time. The volt-
age decrease causes a rise of the TCL duty cycle, while a voltage increase does the
opposite.

When the controller attempts to follow the power consumption change in the
intervals where homogeneous loads synchronize, the voltage change has a large
variance around the mean value. In the case of high homogeneity in loads, this
may create a problem. An obvious solution for such problem can be low pass
filtering, which delays signal comparison and can decrease precision. This issue has
to be taken into consideration when the control is designed to provide the ancillary
service.

7.6.3 Case 3: Control in power consumption for a mixed load
(motors and TCLs (n=11)) with capacitor bank activation

In this experiment of a Greek power plant model has been extended to include
TCLs (Fig. 7.10) [105] and was used to model TCLs, inductive loads and to observe
the influence of capacitor switching on measured outputs. The model consists of

Ancillary Service Controller

M

1TCL

11TCL

TG

PSS

AVR

mP

refP

ref
P

mP

K CTRL
DV 

LTC

refV

r

...

M M

Set point from control center
 
Measurements

mP

refV

mV

Vref

Figure 7.10: Modified Greek power plant model [105] to include TCLs and capacitor
bank switching

one generator, 3 motors, 11 TCL loads heterogeneous in thermal capacitance C,
transformers and an infinite bus. The controller is installed on the LTC next to the
load bus. In this case a first order filter function block is added in order to reduce
power variation influence to voltage output (Figs. 7.10, 7.9). The capacitor bank
activates when voltage hits the limit.
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In Fig. 7.9, it is possible to observe an improvement in voltage amplitude when
comparing to the case without capacitor bank activation. This indicates that it is
possible to enhance the controller’s performance by coordinating it with capacitor
bank switching.

7.7 Summary

The possibility to use efficiently all available tools to provide ancillary service is
always of great interest and a key aim to electricity service providers. The work
presented in this chapter allows to introduce the use of voltage as a natural signal
to control power consumption variations in a very favorable position. In the advent
of fast power electronics as a solution for voltage control (new switches are going
to substitute old LTCs), the current limitations in mechanical switching controls
would not be a problem in the future.
Future work will be focused on developing a model predictive controller which can
perform better than ordinary proportional control and which can enhance controller
performance when considering discrete reactive power bank activation. In addition,
there is a strong need to continue to work on model reduction of TCL ensembles
to facilitate the TCL aggregation, modeling and simulation.



Chapter 8

Conclusions

It is widely accepted that correct modeling, identification, and model validation
are among the most important issues operators face when managing instability and
post-contingency scenarios. However, despite the fact that power system modeling
is mature area of research, the need in model identification and validation method-
ology remains strong and requires attention in power system research community.
This happens due to several reasons. First, system identification requires deep
mathematical knowledge on identification and control theory in order to perform
the identification correctly. Furthermore, it involves signal processing knowledge
for measurements preparation for the analysis. Last but not least, with devel-
opment of computer science, the tooling for modeling, identification, and model
validation can be improved significantly. Cheap computational power allows an
engineer to apply computationally complex algorithms in near-real time frame. All
these facts motivated to set up the goals of this thesis. The main goal of this thesis
was to improve existing practices for modeling, identification and model validation
performed for power system analysis in case of limited information and modeling
uncertainties. The second goal was to develop a general comprehensive methodol-
ogy for implementation of whole identification cycle by tackling possible difficulties
for an engineer in terms of decision making, such as model structure choice, model
order selection, choice of validation metrics, uncertainty quantification, as well as
software design consideration for this methodology.

The thesis is composed of seven chapters, a list of references, appendices, and
conclusions. Background for this research with special attention to challenges in
this context and the main points of this thesis were provided in Chapter 1. Chapter
2 introduces the reader to the main concepts this thesis operates with through all
the chapters. Chapter 3 focuses on Modelica language-based tooling for power sys-
tem modeling in Phasor Time Domain simulation that are proposed to be exploited
for open equation-based modeling and unambiguous model exchange between oper-
ators. This concept has been verified by performing software-to-software validation
of the developed power system components with respect to conventional tools. In
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addition, open source concept of Modelica modeling and compatibility of Modelica-
based models with the conventional tools opens possibility for unambiguous Mod-
elica model exchange. The developed components and power system models have
been integrated into iPSL Modelica library and released open source.

To solve a system identification task, an engineer has to get computational
toolbox. Such toolbox for Modelica-based model identification and validation was
developed in Chapter 3. RaPiD is a modular and extensible toolbox for parameter
estimation of Modelica and FMI compliant models. An ability to link MATLAB
computational core with Modelica-based model encapsulated using the FMI stan-
dard underlies the main idea of the toolbox development. Due to modular and ex-
tensible approach of RaPiD, the Particle Filter algorithm that is based on Bayesian
filtering concept has been coded and integrated into the toolbox. In addition, su-
periority of the Particle Filter to widely applied heuristic algorithms for parameter
estimation of nonlinear models was shown. Considering computationally intensive
nature of the Particle Filter, the algorithm has been parallelized to several cores
that gave rise in computational efficiency of the toolbox.

In contrast to the previous chapters that were focused on computational and
algorithmic aspect of the identification process, Chapter 5 addresses one of the most
difficult problems for an engineer - that is model structure choice. The correct model
structure choice requires full knowledge about the system that has to be modeled.
In reality, power system is a very complex system that includes nonlinear complex
dynamics by its nature, has been poorly documented and has limited measurements
due to incessant operation need. Therefore, the problem of model structure choice
becomes more complicated when the knowledge about the system is limited. Thus,
Chapter 5 proposes to combine measurement-based nonlinear mathematical model-
ing approach and first principle-based model to solve a modeling problem for Static
VAR Compensator connected to the power grid. In addition, Chapter 5 discusses
model order choice and model validity issues that are mandatory to solve when
following the identification process.

Power system’s model accuracy is usually improved by periodically performing
staged identification tests. These tests require interventions that may hinder normal
operation of the power system. Development of synchrophasor technology increased
availability of synchronized high sample rate measurement data that captures the
systems’ dynamic response. This makes application of modern system identification
and mathematical theory for parameter identification and uncertainty quantifica-
tion appealing. Chapter 6 solves the problem of identifying the model parameters
and their confidence regions, assuming the model structure of a power plant that
includes a generator with controls and, having measurements from the tests and
on the terminal bus. Chapter 6 derived new knowledge for power system operators
about the power system parameters that are estimated given measurements and a
model. The main contribution is in presenting an estimated parameter uncertainty
using arbitrary distribution shape. The proposed methodology is based on parti-
cle filtering that is applicable to nonlinear systems, and robust to arbitrary noise
characteristics.



99

Chapter 7 focuses on thermostatically controlled loads aggregation when explor-
ing possibility of the use of voltage as a natural signal to control power consumption
variations to provide ancillary service. In the advent of fast power electronics as
a solution for voltage control, current limitation in mechanical switching controls
would not be a problem in the future.

Fundamental contributions of this thesis are mathematical expressions (with
derivation in appendices) presented, which explain the steps of identification cycle
that applied to problem of power system identification when knowledge of the sys-
tem is limited. Presented methodology can be considered as multidisciplinary and
grounded on identification theory, statistics, and computer science. The branch of
the identification theory that is the prediction error system identification provides
deep insight in the system identification process through established mathemati-
cal optimization theory. Bayesian probabilistic approach in modeling and model
identification allows to track uncertainty in parameters when given certain assump-
tions about the model. To capture nonlinear dynamics of power sysem model when
measurements are available, the nonlinear models, such as NARX, Hammerstein-
Wiener models, in black-box identification approach are presented. First principle
modeling of TCL aggregation has been applied employing Fokker-Plank system of
partial differential equations. Profound mathematics of statistical theory was ap-
plied to reconstruct the shape of the distribution, and derive the uncertainty regions
of the identified parameters.

In addition, the thesis explains how all the theoretical results were implemented
and can be applied in practice. For instance, the optimization algorithms that
are applied for model and its parameters’ identification are possible to efficiently
implement or parallelize. The Modelica power system library and RaPiD Toolbox
are released open source as prototypes of possible industrial realization.





Appendix A

Model parameters

A.1 A loaded single machine (Gen Order 3) governed by
HTG Type 5 with perturbation model parameters

HTG5 case study PSAT vs Modelica system parameters:
Generator III [75]: Power rating Sn = 20 MVA, SystemBase= 100 MVA; nom-

inal voltage Vn = 400 kV, V bus=400 kV (bus nominal voltage); power flow solution
p0=0.16035 p.u.; q0=0.118594 p.u.; armature resistance ra0 = 0.001 p.u., d-axis
reactance xd0 = 1.9 p.u., q-axis reactance xq0 = 1.7 p.u., d-axis transient reactance
x′d0 = 0.302 p.u., transient time constant t′d0 = 8 s, d-axis additional leakage time
constant taa = 0 s, mechanical starting time (2H) M0 = 10 kWs/kVA;

HTG Type 5 [75]: Ki=0.5; Kp=3; Tg = 0.2 s, Tp = 0.05 s, sigma = 0.04, rmin
= -0.1, rmax=0.1, gmax = 1 p.u., gmin = 0, Tw = 1 s, Pref = 0.160552;

Transmission lines: resistance R = 0.01; reactance X = 0.1; shunt half conduc-
tance G = 0; shunt half susceptance B = 0.001/2;

PQ loads: Active power P=0.08 p.u.; reactive power Q=0.06 p.u.

A.2 Identified SVC model structures and their parameters

Output-Error (OE) model structure: The selected model nb = 2, nf = 3, nk = 0. The
assumption is that there is no delay (nk = 0). B(q) = 0.0003645− 0.0003644q−1;F (q) =
1− 2.959q−1 + 2.917q−2 − 0.9587q−3

NARX: Model parameter values θ = [θL, θNL, d]: Standard regressors corresponding
to the orders: na = 2, nb = 2. θL = [a1 a2 b1 b2] = [0.3770 − 0.0087 0.0028 0]. Nonlinear
regressors: u(t − 1), u(t − 2) Nonlinearity estimator θNL = [Q, r, as, bs, cs, aw, bw, cw]:
Q = [0 0; 0 0;−6.5 −2700.9;−6.5 2700.9]; r = [0.2813 0.2813 0.9709 0.9709]; wavenet with
17 units: scaling ns = −2.7301×10−4 and wavelet nw = 10−3×[0.3035 −0.0489 −0.0344 −
0.1723 −0.0203 −0.0271 0.0696 0.0588 −0.0179 0.0150 −0.0076 0.0080 0.0335 0.0121 −
0.0766 0.0210] coefficients. A scalar offset d = 0.2814.

Hammerstein-Wiener models that defined by θpwl are presented for order k = 5 (Table
A.1), k = 7 (Table A.2), k = 10 (Table A.3):
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Table A.1: Break points (BP) values of k = 5 (5.2) (Fig. 5.5)

BP 1 BP 2 BP 3 BP 4 BP 5
xi 0.7909 0.8740 0.8893 0.9498 1.0066
yi −0.0001 0.0004 0.0005 0.0001 0.0001

Table A.2: Break points (BP) values of k = 7 (5.2) (Fig. 5.5)

BP 1 BP 2 BP 3 BP 4 BP 5 BP 6 BP 7
xi 0.6308 0.7912 0.8112 0.8826 0.9282 0.9517 1.0052
yi 0.0005 −0.0001 0.0002 0.0002 0.0006 0.0002 0.0002

Table A.3: Break points (BP) values of k = 10 (5.2) (Fig. 5.5)

BP 1 BP 2 BP 3 BP 4 BP 5
xi 0.7373 0.7664 0.8001 0.8321 0.8648
yi −0.0000 0.0002 −0.0007 0.0022 −0.0030

BP 6 BP 7 BP 8 BP 9 BP 10
xi 0.8953 0.9301 0.9703 0.9926 1.0279
yi −0.0024 0.0000 0.0001 0.0002 0.0001

A.3 Greek Power Plant model parameters

Greek Power Plant parameters: Generator VI [75]: Sn = 100 MVA, Vn = 19 kV, ra0 =
0.0028 p.u., xd0 = 2.08 p.u., xq0 = 2 p.u., x′d0 = 0.305 p.u., x′q0 = 0.49 p.u., x′′d0= 0.245
p.u., x′′q0 = 0.245 p.u., t′d0 = 6.8 s, t′q0 = 0.62 s, t′′d0 = 0.0402 s, t′′q0 = 0.077 s, taa = 0 s,
M0 = 6.48 kWs/kVA; TG TypeI [75]: R = 0.04, Ts = 1 s, Tc = 0.3 s, T3 = 0.04 s, T4 = 5
s, T5 = 4 s, pmax = 0.5 p.u., pmin = 0; AVR TypeIII [75]: v0 = 1 p.u., K0 = 4.15, T2 =
1, T1 = 1, Te = 0.01 s; PSS TypeII [75]: Kp = 75, Tw = 25 s, T1 = 0.15 s, T2 = 0.01 s,
T3 = 0.15 s, T4 = 0.01 s, Ymin = -0.1, Ymax = 0.1; Input references: for PSS: V = 1 p.u.;
for AVR: V0=1 p.u.

The Modelica components of the model are included into the iPSL library and available
in Github (see [115]).

A.4 Modified Greek power plant model with TCLs and
Motors

LTC descrete parameters are Uplim=0.01,Downlim=-0.01, positionNo=32, r0=1, Ymin=0.97
p.u., Ymax=1.03 p.u., delay1=30 s, delay2=1 s. LTC continuos (used in the controller):
V20 = 1p.u., tc=179.2 s. Line paremeters: R = 0.01pu, X=0.1 p.u., G=0, B=0.001/2
p.u..

Greek Power Plant parameters: Generator VI [75]: Sn = 100 MVA, Vn = 19 kV, ra0
= 0.0028 p.u., xd0 = 2.08 p.u., xq0 = 2 p.u., x′d0 = 0.305 p.u., x′q0 = 0.49 p.u., x′′d0= 0.245
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p.u., x′′q0 = 0.245 p.u., t′d0 = 6.8 s, t′q0 = 0.62 s, t′′d0 = 0.0402 s, t′′q0 = 0.077 s, taa = 0 s,
M0 = 6.48 kWs/kVA; Motor1: β = 1, v0 = 1 p.u., P = 0.032 p.u., Q = 0.016 p.u., wm
= 0.4954, Vbus = 6.6 kV, J = 0.499, Ir = 323.3; Motor2: β = 1, v0 = 1 p.u., P = 0.014
p.u., Q = 0.007 p.u., wm = 0.9914, Vbus = 6.6 kV, J = 1.443, Ir = 142.6; Transformer:
X = 0.0725 p.u., G = 0, B = 0, r = 1, R = 1e-010 p.u.; Transformer: X = 0.15 p.u., G
= 0, B = 0, r = 1, R = 1e-010; PQ load: P = 8 p.u., Q = 6 p.u.; AVR TypeIII [75]: v0
= 1 p.u., K0 = 4.15, T2 = 1, T1 = 1, Te = 0.01 s; TG TypeI [75]: R = 0.04, Ts = 1 s, Tc
= 0.3 s, T3 = 0.04 s, T4 = 5 s, T5 = 4 s, pmax = 0.5 p.u., pmin = 0

A.5 Normalized TCL equation w.r.t temperature and TCL
difference equation

A.5.1 Normalization of TCL equation (7.1)
The TCL modeling equation (7.1) that is presented in Section 7.2.2 has to be normalized
with respect to temperature θ in order to conform to probability values range.

∂θ

∂t
= 1
τ

(−θa + θ + u
V 2

Rr
R) (A.1)

∆θ ∂θ̄
∂t

= − 1
τ

(θa − θmin −∆θθ̄) + u
V 2

Rr

R

τ
(A.2)

where θ̄ = θ−θmin
∆θ - normalized temperature, ∆θ = θmax − θmin, θmax, θmin - maximum

temperature when TCL switches from ON to OFF, and minimum temperature when OFF
changes to ON.

∂θ̄

∂t
= − 1

τ
(θ̄a − θ̄) + u

V 2

Rr

R

τ∆θ (A.3)

A.5.2 TCL difference equation derivation
Applying Euler method for differential equation (7.1), the discretization can be archived
in the following form:

θn+1 − θn
∆t = 1

τ
(−θa + θ + PR) (A.4)

θn+1 = (1 + ∆t
τ

)θn + ∆t
τ

(PR− θa) (A.5)

Considering Tailor series approximation of exponent e∆t
τ = 1 + ∆t

τ
and substituting it

to (A.4), the resulting difference equation can be formulated:

θn+1 = e
∆t
τ θn + (1− e

∆t
τ )(θa − PR) (A.6)
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Confidence regions of the weighted
Gaussian mixture justification

Theorem: The union of the ellipsoids Si formed by the weighted mixture of Gaussians
contains exactly or more than I percent of probability if each surface contains I of prob-
ability.
Proof. Let Si be the M-dimensional ellipsoid surface such as P(Xi ∈ Si) = I, where I is
a chosen percent of probability, which Si contains, or the confidence that the estimated
value located inside the ellipsoid with probability I. Let the union of the surfaces be
defined as

⋃M

i=1 Si, then from the definition of probability and the probability product
rule, the following equation can be defined:∫⋃M

i=1
Si

p(x)dx = P(Xj ∈
M⋃
i=1

Si) =

M∑
i=1

P(Xj ∈
M⋃
i=1

Si|J = j)P(J = j) ≥ I,

because

P(Xj ∈
M⋃
i=1

Si|J = j) ≥ I,
M∑
i=1

P(J = j) = 1.

It is known that the confidence region of the parameter estimate (ellipsoids Si) is
proportional to square root of variance (standard deviation) of the parameter estimate.
Therefore, if we show that the resulting variance of the weighted distribution is equal
or bigger than sum of weighted variances of separate distributions the theorem will be
proved. From equation (6.8) and by the definition of moments (i.g. mean, variance) of
distributions p(x) ∼ N (µ(1), µ(2)) find:

µ(k) = Ep[xk] =
∑
i

ωiEpi [x
k] =

∑
i

ωiµ
(k)
i (B.1)
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where k - the moment number
µ

(2)
i = σ2

i + (µ(1)
i )2 (B.2)

V ar(p) = µ(2) − (µ(1))2 =
∑
i

ωiµ
(2)
i − (

∑
i

ωiµ
(1)
i )2 =∑

i

ωi(σ2
i + (µ(1)

i )2)− (
∑
i

ωiµ
(1)
i )2 =∑
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ωiσ
2
i +
∑
i

ωi(µ(1)
i )2 − (

∑
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ωiµ
(1)
i )2

According to Jensen’s inequality [7]:

φ(E[X]) ≤ E[φ(X)], (B.3)

where φ is a convex function. Thus, the average squared mean can be no less than the
square of the average mean.

V ar(p) =
∑
i

ωiσ
2
i + ε, ε ≥ 0 (B.4)

The variance of the mixture is the mixture of the variances plus a non-negative term
accounting for the (weighted) dispersion of the means.



Appendix C

Acceleration of Power System
Model Identification Workflows
using Parallel FMU blocks in
MATLAB/Simulink

C.1 Parallelization approach

C.1.1 Principle

The parallelization approach using the Parallel Computing Toolbox (PCT) for MATLAB
aims to fully exploit the computer’s physical computation resources by creating parallel
workers on the computer’s cores. These workers (cores) are coordinated automatically by
the PCT. Tasks are scheduled to workers when idle.

The parallelization approach applied to "Step 3: Weighting" is shown in Figure C.1.
The particles are sampled in a user-specified parameter space, each particle is assigned
a weight according to the chosen cost function, and therefore, the particle moves in the
parameter space forming the new shape of the probability distribution. The cost function
requires to evaluate the model’s outputs given the parameters values w. r. t. real (or
simulated) measurements.

C.1.2 Implementation principles and limitations

Several functions inside RaPiD had to be rewritten, modified and/or merged to meet
to parallelization requirements. Due to the need to evaluate a set of statements over the
particles’ values, the main technique used from the Parallel Computing Toolbox is parallel
for-loops (parfor). As all cores (workers) need to share a common workspace, all shared
variables need to be uniquely defined and be accessed for parallel computations. Hence,
the following set of guidelines for implementation were defined and limitations were found.
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Figure C.1: Parallelization principle used for implementation

Global variables

Global variables can not be initialized inside parfor loops. Moreover, global variables
can not be synchronized from the client, or passed by any other MATLAB process to
the worker. This may lead to data processing errors and data overwriting simply be-
cause different processes try to access the same allocated memory (e.g. reading/writing a
variable).

Therefore, the solution adopted here (see Listing C.1) was to create and assign the
values of the global variable to local variables, perform computations using the local
variable, and then perform a backward assignment of the local variables’ value to global
ones when the parallel processes are finished.

global settings_;

% Create local variable
settings = settings_;
% Manipulate local variables
mdl = settings.modelName; %'test';
realRes = settings_.realData;
open(strcat(settings.modelName,'.mdl'));
set_param(settings.modelName,'StartTime',num2str(settings.t0_fitness));
...
set_param(settings.modelName,'Solver',settings.intMethod);

Listing C.1: Global variables

Sliced variables and nested loops

The body of a parfor loop may contain for loops, while it can’t include parfor loops.
This limitation is caused by the fact that only one client (master) is allowed to open a
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MATLAB pool. The range of nested for loops has to be defined by constant numbers, as
shown in Listing C.2.

parfor ii = 1:iterations
p = pp(ii,:);
l=size(p,2); % No. of parameters (constant value)
...
for idx = 1:l
...
end
end

Listing C.2: Nested loop

The variables have to be unambiguously processed and assessed in parallel, therefore,
they have to be defined as sliced arrays or structures. For example, fmusettings is a
structure sliced by the number of iterations (parfor loop index) that stores each parameter
name and value (for loop index). These settings are passed to the FMU block using
fmuSetValueSimulink command in a loop, as shown below.

fmusettings=struct([]);
parfor ii = 1:iterations
...
for idx = 1:l % indexing each parameter

parameterName = settings.parameterNames(idx);
fmusettings(ii).p(idx).param=strcat('',parameterName,'');
fmusettings(ii).p(idx).value=num2str(p(idx));
fmuSetValueSimulink('test/GreekModel.GreekModelInfBus_FixInit', ...

char(fmusettings(ii).p(idx).param),fmusettings(ii).p(idx).value);
end
...
end

Listing C.3: Sliced variables

Transparency

The statements in parfor loops must be transparent. For example, a variable that is
passed to the eval or evalin functions is not visible, and thus, it can’t be transferred to
the cores for processing.

The rapid_simuSystem function was originally written using evalin functions. Those
functions where able to pass the string of values to set up the FMU block 1 parameters. To
meet the transparency requirement, the whole body of the for loop had to be rewritten.
Listing C.4 shows the original eval function usage in rapid_objectiveFunction and the
rewritten code for parallelization (see Listing C.5).

% The old for-loop to be converted to parfor-loop

1The "FMU Block" contains the Modelica model of the system.
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for i=1:size(p,1)
part.p = p(i,:);
[simuRes,settings_] = rapid_simuSystem(part,settings_);
fitness = rapid_objectiveFunction(settings_);
if length(fitness) > 1

error('problem with fitness size')
end

Listing C.4: Original for-loop

% Original for loop in rapid_simuSystem.m
for l = 1:length(part.p)

parameterName = settings.parameterNames(l);
p = part.p(l);
string = strcat('fmuSetValueSimulink(''',settings.blockName,''',
''',parameterName,''',',num2str(p),')');
evalin('caller', string{1});

end
%%%%%%%%%%%%
% in parfor loop

p = pp(ii,:);
l=size(p,2);
fmusettings=struct([]);
open_system(mdl);

for idx = 1:l % colomns or number of parameters
parameterName = settings.parameterNames(idx);
fmusettings(ii).p(idx).param=strcat('',parameterName,'');
fmusettings(ii).p(idx).value=num2str(p(idx));
fmuSetValueSimulink('test/GreekModel.GreekModelInfBus_FixInit', ...

char(fmusettings(ii).p(idx).param),fmusettings(ii).p(idx).value);
end

Listing C.5: Rewritten eval functions in a parfor loop

Parallelized model simulation

The Simulink block To Workspace 2 returns the structure with the model outputs to the
MATLAB workspace. It works effectively when the model is not simulated in parallel.
However, as the MATLAB workspace becomes common to several workers, the workspace
data can be corrupted or overwritten. The approach adopted here is to store the data
into Simulink.SimulationOutput class objects that are organized into a sliced structure
(sliced by each simulation run). These objects are capable to store the Output port block’s
output from Simulink. The structure with the objects’ values (time tout and value yout)
can be accessed using the get method, as shown in Listing C.6.

mdl = settings.modelName;
iterations = size(pp,1);

2The model encapsulated in an FMU is loaded into an "FMU Block" in a Simulink file, along
with auxiliary blocks that are used by RaPiD’s workflow, for details see [112].
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simo(iterations) = Simulink.SimulationOutput;
parfor ii = 1:iterations
...

simo(ii) = sim(mdl,'ReturnWorkspaceOutputs', 'on');
si=simo(ii);
st(ii).time=get(si,'tout');
st(ii).res=get(si,'yout');

end

Listing C.6: Parallelized model simulation

Debugging
The main debugging limitation is that it is not possible to include a breakpoint in parfor
loops. Hence, to make sure that the code is executed without errors, during the implemen-
tation, tests were carried out by substituting a parfor loop with a for loop, and checking
for errors and consistency in computation results.

Carefully considering the limitations and the solutions proposed in this section helped
to minimize memory allocation and sharing problems.
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