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ABSTRACT

Traditional generators have been decommissioned or replaced by renewable energy generation
due to utility longstanding goals. Howeveinstead offlattening the entire planthe rotating

mass of generator can be utilizedaastorage unit (inertia resource) to mitigate the frequency
swings during transient caused by the renewables. The goal of this work is to design a control
strategy utilizing the decommissioned generatterfaced with power grid via a baté-back
conveter to provide inertia suppartThis is referred to as decouplednslgronous machine
system (DSMS)On top of that, the gridide converter is capable pfoviding reactive poweais

an auxiliaryvoltagecontroller However, in a practical setting, for powatilities, the detailed

state equations of such device as well as the complicated nonlinear power system are usually
unobtainable making the controller design a challenging problem. Therefore, a model free
purely datadriven strategy fothe nonlinear antroller design using Koopman operabased
framework is proposedesidesthe time delay embedding technique is adopted together with
Koopman operator theory for tm®nlinearsystem identificationKkoopman operator provides a

linear representation dhe system and thereby the classical linear control algorithms can be
applied. In this work, model predictive control is adopted to cope with the constraints of the
control signals.The effectivenesand robustnessf the proposed systeare demonstratedni

Kundur twearea system and IEEE -B@is system.
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GENERAL AUDIENCE ABSTRACT

Power system is facing aenergy trasformation from the traditional fuel to sustainable
renewable such as solar, wind and so on. Unlike the traditional fuel energized generators, the
renewable has very little inertia to maintain frequency stgbilibherefore, this work proposes

new systenreferred to as decoupled synchronous machine system (DSMS) to support the grid
frequency. DSMS consists of the rotating mass of generator and -&obaagk converter which

can be utilized as an inertia resource to mitigageftequency oscillationdn addition, the grie

side converter can provide reactive power to improve voltage perforndamicg faults This

work aims to design a control strategy utilizing DSMS to support grid frequency and voltage.
However, an explicit mathematical model of suchickevs unobtainable in a practical setting
making datadriven control the only option A datadriven technique which is Koopman
operatofbased framewortogether with time delay embedding algorithm is proposed to obtain a
linear representation of the systeThe effectiveness and robustness of the proposed system are
demonstrated in Kundur twarea system and IEEE -B@is system.
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Chapter 1 Introduction

1.1 Motivation and Background

1.1.1Problems Introduced by Renewable Integration

In recentyears,atmospheric pollutantsuch as carbon monoxide, sulfur oxide, nitrogen dioxide
are mainly produced by convernal fossil fuel power generationdeading to severe
environmental hazard likes haze, acid rain, greenhouse effect dddl, §2¢. Particularly, about

2.2 billion tons of cdron dioxide has been emitted byssil fuel power plants annuall?].
Therefore,due to the recent EPA regulatior§8], power utilities are forced tdecommissin

more and moreonventionalfossil fuel units. On top of thagwing to many states renewable
friendly policies,the penetration of renewable energy resources (RESS) is expected to increase.
In order to undertake the enormous need for energy while dorgrpollutions growth, rore

and more countries have be@nolved in facilitating thepenetration of RESdor instance, in
February 2019, U.S. Energy Information Administration (EIA) updated renewable portfolio
standards (RP3%]. Washington D.C. and élv Jersey increasdteir RPS goad to 100% and

50% share of sales by 204hd 2030 respectivel¢]. Besides, Californidas set a higher RPS
target which is up to to &% renewable generation share of sales by .203&ddition, by 2045,
California is epected to have total & 100% carborfree power4]. Figure1.1 provides more
details RPS targets for selected states. As a result, more renewable electricity generations are

foreseeable in the next decades.

However, the increasing penetration of RESsexpected to introduce serious reliability
concerns, such as voltage and frequency stability issues [5]. Particularly, frequency stability is
the major one, appearing a great challenge to power system operators. Conventionally,
synchronous generators mgiin the generation and load balance by means of mechanical torque
from governors. Due to the high moment of inertia of these conventional rotating masses, the
frequency oscillations are maintained within a small range such that the transient stabligy ca
assured. However, unlike the traditional system, RESs have very low or evesxistamt

inertial response unless those grid support functionalities are built in specifically [2], [6].



Table1-1 20102050 Renewable portfolio standards targets of percent of retail electricity sales
for selected statdd]

States RPS F'target RPS 29 target
Connecticut 27% by 2020 48% by 2030
New Jersey 24% by 2024 50% by 2030

Massachusetts 46% by 2050 55% by 2050
California 50% by 2030 100% by 2045
Washington, D.C. 50% by 2032 100% by 2032

That being said, currently, it is difficult to enforce thdsactionalitiesespecially forwidely
distributedresourcesEventually, his becomes a serious issespecially 6r systems with high
penetration of PV generation since the yealgctricity peaks are during light load months
leading toscenarios where a high percentage of the genesatidime is effectively inerti@ss

and thus makinghe frequency less robust diisturbance$6], [2]. Although the variable speed

wind turbines have a certain amount of inertia, they are usually decoupled from the network by
power convertersunlessextra controls are designel®]. Furthermore, according tine current

trends in thegrowth ofthesegeneratios, this problem is expected to magnjifyj.

To providesufficientmoment ofinertia, the fast frequency control techniques have been studie
in many researchi8]i[10] emulate the inertia response of conventional generators psiaer
convertersin order to have partial reserved energy to regulate frequdmeyydrk in[11] runs

PV generationat aso-called deloadingoperating condition which is away frothe Maximum
Power Point TrackingMPPT) point Besides, te cooperation dtweenenergy storage systems
(ESSs) andvariablespeedwind turbine generators (WTGs$ commonly used tomprove
transientrequencyperformancdl12].

Regarding the voltage control, power electrominwerters areapable of regulating terminal bus
voltages byrunning at PV or P-Q modewhich can beachieved by modulatingwitchingsignal
generatorgl13]. In addition,the svitchedor static shuntapacitors aréypically installed on the

bus to provideauxiliary reactive poweto regulatebusvoltage[14].



1.1.2 Distributed Control

Communication infrastructure & largescale system is usually cost prohibitive. As a result,
wide area control in largscale systems is usually nefpractical optionUnlike thewide area
control, the scope of distribatl control technologies within the areaof the controlled unit
where it is distributed in.When performing distributed control methodkge power system
operators only requirpartial parameters from others through communicatince distributed
control algorithms require only limited amounts ofknowledge shared between agents
cybersecurity caralso be improved while reducing the costly communication facilitiés
addition distributed algorithms have the ability to perform faster computamhto solve
bigger problem sizeMoreover,distributed control has higher robustness against the failure of
other agent§l5].

1.1.3 Model Predictive Control

Nearly every control application imposes constraints on the corgigmslsand thesystem
states. Thexistence of hardamstraints results in the need faontrol strategy for dealing with
them.Normally, without the corresponding solution of Hamilton JaeBbliman differential or
difference equation, the feedback solution for the objective functiasfysag) all of those
constraints cannot be found analytically. However, solving Hamilton differential equation is an
extremely difficult task{16], [17]. Model predictive control (MPC) algorithm circumvents the
close solution by repeatedly solving a fimendow operloop optimization problem using the
current states of the system as the initial statbs characteristic makes itself one of the few
suitable options[18]i[20] show the effectiveness of MP®ower systems are very typical
nonlinear systemf21] requiring models for predicting the evolutional trajectory of the system
states which is called as nonlinear MPX7]. However, nonlinear MPC is computationally
prohibitive and that is why a lot of researchers have been using linear MPC for pgediadin
controlling nonlinear dynamical systeffZ2], [23]. In order to implement linear MPC in regions
further from the equilibriuma linear representation of the nonlinear system in a large region is

needed to improve the accuracy of prediction fomirdinear system



1.1.4 Koopman Operator

That being said, due to the inherently nonlinear nature of the power system and uncertain
characteristics of the converiaterfaced generation, an accurate explicit model of the power
grid is of the great chaltlge making a data driven control the only practical opf&n The
Koopman operator theory is a popular and powerful tool which is capable of the analysis and
prediction of the nonlinear dynamical system using measuremerjld$itf28] making it a data

driven approach. Koopman operator theory has also been utilized in power system recently such
as power system coherency identification, electrical drive speed control, transient stability
control and so ofi29]i [32]. Basically, Koopman operator utilizes et ®f scalable observable
functions to reconstruct the underlying dynamical system from measurement data in a linear but
high-dimension spacp5] i.e. the system is linear in this new space which makes it an attractive
option to be used with linear MPChe effectiveness of the Koopman operdiased MPC has

been found i25], [31], [33]

1.1.5 Time-Delay Embedding

A classical method for nonlinear system identification is to use-dieteeyed embedding
coordinateg33]. Time delay embedding is able to alaf the underlying dynamics which makes

itself a good choice of observabighich is required by the Koopman operator thedrle

process of going from observed measurements to a dynamical model is fundamental in
engineering. Typically, Takens embeddingaitean provides the theoretical basis of nearly all
analysis of time series embedding analysis. In general, by constructing a new state space by
means of consecutive observed scalar time series values, we will be able to reconstruct the
underlying unknown dyamical systenf34]. In Takens theory, it is assumed that the dynamical
system is autonomous, which means that the system is independent of time and of any external
influence. However, this is very rare in many reatays. Especially in power system,arder

to obtain stability, many controllers have been deployed. Consequently, an extended version of
Takens theory which is generalized to inputput systems was introduced [Bb]. The main

idea drawn from this paper is that an extended phase spabte caconstructed from the input

and output time seri¢g85].

The embedding dimensiahand the delay tim&are the key factors to reconstruct the system
successfully. In the past few decades, a number of methods have been developed for determining
4



the optimal embedding dimension and delay tldidutual information has been widely used to
calculate the optimaime delay of the sampled dathaimsto seek an optimal time delauch

that the time series data and its tistefted version is independent of each other. Regarding the
embedding dimensiom iTakens theory, the embedding dimensi@hould be suftiently large

so that this conditiori 2 2D, 4is satisfied whereD, is the dimension of the original system.

However, it is noticed that this is a sufficient but not necessary condg#n Besides, the

lowest embedding dimension is preferred in practice while the reconstructed diffeomorphism
remains Kennelet al introduced False Nearest Neighbor (FNN) algorithm. It was developed
based on the fact that the point identified as the nearest neighbor of a cartain p too small
embedding space is actually far apart in the original phase space. While having a large enough
embedding space, all neighbors of gveoint will be true neighborg34]. However, the
subjective choice of the parameR4 andA:w usedasthe criterion to distinguish false néigors

may lead to different results. Theresiage FNN proposed by Cao [B6] overcomes this
shortcoming. Cao computes how the average distances between the nearest neighbors vary as the
dimension increasing fromhto d+1 other than evaluating the validity of neighbors. The smallest
embedding dimension which properly unfelithe dynamics of the system is taken as the one
which stops the change. It has been showB7ih [38] that FNN also works ithe input-output

systemby including input data into the delay embedding vectors.

1.2 Research Objective and Significance

My proposed approach utilizes the rotating mass of a decommissioned conventional generator as
a storage unit inteating it to the power grid via th&aC-DC-AC converter configuration for
frequencycontrol. Time delay embedding together with Koopman operator theory is utilized to
transform the nonlinear dynamical system to a linear sydtewrder to determine the optimal

time delay and embedding dimensiof the embedding coordinates, the mutual information
met hod and the Caobs met hod eutput sgsterhBaildidge d t o
upon the recent development of the Koopman model preglictintrol (KMPC) framework33],

a robustfeedback ontrol of the local frequency of the DSMS is propo$esides, KMPC is
appliedto designthe voltage controller using the reactive power providgdthe gridside
converter.The locally trained KMPC is also able to work with another KMPC locatesiothe



area withounegativeinteraction. Furthermoré&SMPC is sufficiently robusto cope withsystem

topology changes.

1.3 Dissertation Organization

This dissertatiomms organized as follows

Chapter 2 provides thederivation of thedynamical mode of the synchonous generator, the

rotating mass as well as thackto-back converter

Chapter 3 gives the methodology for the controller design of both the-bablack converter

and rotating mass.

Chapter 4 presents the fundamental nbnlinear systemkKoopman opeator theory, and the

datadriven numerical method to estimate Koopman operator.

Chapter 5 illustrates the timalelay embeddingechnique The algorithm named asuto Mutual
Information to determine the optimal time lag is explainkd addition, the algathm for
determining the minimumembedding dimension named Balse NearestNeighbor and its

extension ar@eresented. Thesaethod areextended ta@ope withthe inputoutput system.

Chapter 6 briefly introducesthe model predictive controlThe objectivefunctions along with
the constraints are given. The procedure for designingKtt@pman operatebasedmodel

predictive control is alsprovided

Chapter 7 showcases the effectiveness of the proposed methpower systensample cases
The first case ishe classical Kundur twarea system andhe second case is the IEEE-Bfs
system.The comparisons between the true measurements and predictions are pEffielesht
fault scenarios arapplied to the system with generator replaced by the proposesinsgsid

controllers, the system without controllers, and the original systepectively

Chapter 8 provides the conclusions of this dissertation as well as the research directions in the

future



Chapter 2 System Mode$

2.1 Reference frame theory

In the study of power systems as well as power electronics systenase used to refiéng all

the variables to a common reference frame by means of applying mathematical transformations.
This creates a lot of convenience famalyzing the behaviors and designing the controllers of the
time-varying systemdn order to obtairthetime-invariant reference frameye usuallytransform

abcreference frame intqdOreference frame via theell-knownP ar k6s t r B9.sf or mat i

We first consider threphasevariablesexpressed as

e g ¢
éxa gg X, cos@,) ﬂ eX cos(vg)
Xope = xb U-ex cos@, 2'0) ﬂ @cos(vgt —) (2.1.1)
& ng . COS@ +2—’0)3 Xg cos(wmt +2—)
e " 1370 @& 3

whereg, = w with the assumption thaj-axis iscoincided with a-axis at time t = OsIn other

words, the initial angle betweenayis and aaxis is 0.

The relationship betweeabcframe andqdO-frame is given inFigure 2.1 According to this

figure, we can derive dgdOquantities as

ex, o

g -—°€ U_-

Xydo = gXa =T 001 abeXab (2.1.2)
&0 H

where the transformation matrix is defined as

g oswt cos(ut- 2—'0 ) cos(w %’0 )
é
2 : 2
quO/abc 32 InWet Sm(”é 2'0 ) Sln( V(,y 310) (213)
¢ 1 E 1
& 2 2 2

The inverse transformation is given by



)_{abc = ch:iLO/ abc_. qd (214)

where the inverse transformation matrix is defined as

e
€ cosg, sin g 1
ey 2P 20
qulolabc gCOS@ ) Sln(q ) 1 (215)
e
Qcos@ + ’0) sin(g +—’0) 1
é
b — axis
C —axis

Figure2.1 abcframe vs. qdOframe

Figure2.2 abcthreephase circuit

Consider the threphase circuits given ifigure 2.2 The corresponding differential equations

are

L%: ir w (2.1.6)
dt
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La: Y- (2.1.7)
di :
L—==ir w«w (2.1.8)
dt
We can write (2.1.)6to (2.1.8) in a statepace form
edi, ge-r 7}
edt vep 0 % \
S, oS r £, V€
ell, ué -r u e
S % T o éb 0 Ve (2.1.9)
€qi ue o 8. 8 Ve
ec iéo o0 — U
edt ge L g
We have the following coordination transform
transformation
?i_;ibc cht)/aqud)
T dr b qudO/abchoD qu-tlD/ abc™ -1 dT qé
| = = — 2.1.10
’:\ _qulO/abc_.qd)
Substituting the above equations into (2.1w8 have
e-r [
e 0 Y
AT - di, & -r 5 1 )
q(c;i/ b qulolabc dqt 220 _L 0 ﬁqé/ ab& q6 tT qlﬂ/ at (2119
e o u
éo o Lu
e L ¢
e-r a
e © Y
- . é u
d di do dT, dlolabcT’ A -r ) 1.
v Ty, 0 -quo,abch—t @ go n 0 ilfJij T o (2.1.12)
é r u
éo o “Lu
e L o
According the trigonometric relationships giveri40], we have
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. &0 -10
7. Ao & o (2.1.13
qd0/abc dt e@ e
g0 0 O
Finally, we have
e-r a
e " O
- e u
di A -r N 1.
dLsonge — 0 o oo (2.1.14)
é . U
eo o0 —u
e L o

2.2 Synchronous machine model

2.2.1Synchronous generator equivalent circus

The synchronousnachine used in thiesearchs represented in generator modéer applying

Par k6s tr anmdghke proeduaet derived in the last sectiome can obtain2.21) to

(2.26) [40], the equivalent cauit is providedin Figure 2.3. The circuit is expressed in the rotor
reference framend all quantities are viewed from the stator sBlesides,as in the casef
generator study, it is usually more convenient to express flux linkages and voltages in terms of
reactances instead of inductarige2.7-2.212) .

! Noted that echannel is eliminated in a balanced thpémse circuit
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Vl‘ —_ _r'l' _'_/"_/r_ r
o~ Tdgs Y ds t—

" dt
.o dy;
V(;s: -rers _ryrqs gyds
Wy W
dy.
N =T kgl
N
0
R
T I
q2 kg2' kR
dt w,
- dy/
Vig = N ka "ay «d
Wy
dy«
Vlfrd = r;dilfrd "a -
Wy

where 1y, is the nominal electtal angular velocityThe flux linkages are given by
Vie= Xl %ol T et 1)

| — H ir i s
Vis= Kdas Xl T gl o)
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(2.2.1)

(2.2.2)

(2.2.3)

(2.2.4)

(2.2.5)

(2.2.6)

(2.2.7)

(2.2.8)



Via = Xl Kol T 17 17 #
Vo = Xl Kipg( 15 T 170
By substituting(2.2.71 2.212) into (2.2.1:2.26), we have
e dX, w, d RXng d Ang w
el —— _rxd i  Nmd
é dt 7% dt d w 0
é
é qu - T ﬂ& meq —KVqu Exmd
v, gé M dt wy W w dt w
e, ué -
éVos 0é g ma 0 r Eﬂ Eﬁ* 0
ey Ué dt i “odt oy dt oy
é." gé .
évqu l‘Jé gﬁ 0 d qu r' +Exkq2 O
't A kg2
gvkd Hg dt w, dt w “odt w,
,Vr < '
Sl o 0w 0 0o r, X
é dt w, dt w
é
é 0 - i Xond 0 0 Eﬁ
é dt w, dt w
where[40]
Xq= Xis X
Xg =X X

yqul = Xllkqlilliql X mq( ir'qs iTIZ'H-I irkﬁ-}

T T T Y ot
ykq2_Xqu2|kq2 +ch( I_qs IIEE I kq-)-

xll<ql = >(Ilkql +X

mq

Xll<q2 = Xllkq2 +X

mq
X|I<d = Xllkd X
led = Xllfd X
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(2.2.9)
(2.2.10)
(2.2.11)

(2.2.12)

o |
><><R§

3
a

o =
[

=
—
o
S
DOOOC oo oN
= 5= a=
2 *

. = - X
S ~35~328
Iy a N

>
3
o
SO O O /T DD D D

(2.2.13)

(2.2.14)
(2.2.15)
(2.2.16)
(2.2.17)
(2.2.18)

(2.2.19)



Sincewe only energize field winding2.227) becomes

e d X, w d Xing d Xing w w. g

els dtw d dt ot N md _>,§Vnd u

é t w, W t W t N4 0 g

€ w X d X d u

é — q - r.s F_d —W/qu _M/x mq E md E md L]
ev;S ge o tw 4 i t ow t w g;s
e, u é ' r
o ug L2m o g 8% 4 % 0 o &
e ué dt w dt w dt N
€ ©é , éjl
eo l]é E& d qu d quﬂ équ
é Ué 0 I'kq2+ 0 0 é-'r
éQ Ue dt w, dt w dt w, éf‘fd
P R . i
&1 Elg 0 Cd X 0 0 . _ﬂ& d Xy gfd

é dt w, dt w dt i

é€ 0 29 X 0 0 9 Xy iy PERAT I

é dt w, dt dt w g
(2.2.20)

Besides, the electromechanical torque developedbyade macine and the equation of motion

in generator conventicaregiven as

Tlpul =yl -Vl (2.2.21)
21 dw =T, T, (2.2.22)
w, dt
. . . dg
And if interested in rotor angle, it rscﬁ =W, -W.

Driving synchronous generatan simulation software such &gatlab/Simulinkcan be done by
using hreephase stator currents as output and tplesese stator voltages as input. Besides, the
field winding voltage which is supplied by the excitation systaswell asthe mechanical
power supplied by the governor are also inputs to the machireestato voltages in (2.2.20)
along with other inputs can be used to solve for the windings flux linkages if we formulate the

voltages in terms of the flux linkages as the integral equations given Elpw
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where

D:

1 é w, r (
04 rs =— Wi Vi s — J/s +- X - i
i ® s Vi ® oy d XIS( a G’})
T "
1T r — 1 \e M/r rs r I
,:\yds_g Vg:,vrds +|/70 J{]s ‘k_s( K _J} ‘|
0 )
T r 1 M/Orkql T
iy kgl s Xl'kql (qu }ﬁq)
| .
T r 1 M/Orqu N
~y - ' S
ke =55 (o
[ ’
WVw=—"—" md " K
! kT g X ( d d)
T | ~
T, 7 1 wmr Xm v H
! fd — OfleEf * -d(ymd'yfd) U
f S Xa | Xd {1

?qu =X s Hy 178)
::\ymd = Xl 1% i'ﬁd ivr?@
e ox Vo
i

md
rfd

With (2.2.24), (2.2.7) to (2.2.12) can be rewritten as

,I?y I;S = _X Isirqs qu
Ey t;s = X Isirds ¥ md
'i\y qul = X;kqli 'qul +qu
e = Xl
':‘yl;rd = X;kdiLd YV md

1 T oer
|ly 0 = Xialta Wina

We can further exss the mutual flux linkages as

e °y rS y|£q|_ 'rqz
Ve = Xuolly~ - E
‘ MQE;FIS Xlkql Xlkq2

S =

— ycrjs ylid yf
Vma = Xup(G= +75 %)
‘ " xIkd XIfd

(2.2.23)

(2.2.24)

(2.2.25)

(2.2.26)



where

Ie t 1,1+ 1 1 (2.2.27)
| XMQ Xls qu Xlkq. XIkc{Z

f1_1 .1 1 1

i = + = 4+ i

I XMD XlS de Xlkd led

(2.2.29)

— =) =) =) =) =) =) =) =) — ) —) —) —) —) —) —) —) (D
=
o)
Q

The terminal variables can be calculated by

L =y(is)” i) (2.2.29)

Using (2.2.21) to (2.2.29) we are now ready to simulate the synchronous gemeBataulink

see Fig.2.4.741]. Examining the introduced generator in Kundur 4avea system with a line
fault occurred in the double transmission line between the two areas, we can evaluate the
generator transient response givelrigure 2.8 Accordirg to the transient response, we can find

that the two epxis damper windings and theadis damper windings present very fast transient
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during the simulation which does not have an obvious effetftegenerator itselheitherthe

network.In other wordsthese windings can be eliminated in the transient study.

Generator
vq
E)
& q-winding
x
prod1
ks | Measurements
prod

o

it

I
|

d-winding

5
=

Figure2.4 Simulink model structure

Oy

Psi_gs Out
D{u[5]'(u[2]-u[3]/ul5]+(rs/xls)'(u[1]-u[4]))}
wrPsl_d ‘ Psi_gs Xaq‘(uH]/x\s+u[2]Jx\kqI+u[3]Jkaq2)| . »>
3 )e > N
) ‘ » Psi_mgq Out
N0
>
i Mux (u[1]-u[2)xls
»| »|
iq Out
‘ » Mux u[3]*rkq1*(u[1]-u[2])/xIkq1 DE'
> Psi_kq1 —
L >
Mux] (u[1]-u[2])/xlkq1 o
. >
(— ikq1 Out
. >
| Mux u[3]*rkq2*(u[1]-u[2]y/xlkq2 > i ) * >
Po ka2 '_MUX (u[1]-u[2])/xIkg2 e
> Psi_kq2 .
L ikq2 Out

Figure2.5 Simulink model inside gvinding block
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Psi_ds Out

: > M P Xad*(u[1)/xIs+u[2)/xIfd+u[3)/xIkd) L]
vd ®—>Mux L {u[5] (u[21+ u3]/u[5]+(rs/xs)* (u[1]-U[4])) [ N s ;@0 "
si_md Ou

>
: Muxj (u[1]-u[2))/xls o

Mux | u[d]*rfd*(u[2)Xmd+(u[1]-u[3])/xid) 1 >l id Out

* Mux 1]-u[2])/xlfd i
- ) (ul1uf2l)x »(4)

. » — ifd Out

-Muxgﬁ ul3]*rkd*(u[1]-u[2])/xlkd }—» 1 ‘ . |
N Mung (u[1}ul2])/xlkd o

ikd Out

ulTHZH) 1 , e — )

delta

C

Figure2.7 Simulink model inside rotor block
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Figure2.8 Simulation reults of dgwinding currents

2.2.2Simplified decommissionedyenerator model for transient study

The classicalgeneratormodel is widely used in transient stability studgith a set of

assumptionssuch as ignoring the fast damper windings and ¢te. mahine model can be

represented by constant voltage sece behind transient reactanmge jX ([42] [The yellow

book] as shown irFigure 2.9 With g-axis of the rotating frame aligned witie terminaloltage,

the machinanodel can bewritten asbelow. However, since this decommissioned generator is

used as an energy storage device, the governor system is removed while the excitation system

remains to provide the constant internal voltage. Thezefie equation of motion (2.28Bis

redaced by (2.2.33).

X, dig, : :
_ S _~sd = Xsls -r s \- « 2.2.30
X digg, o
Wd_tq_ Kigg Hg Vg E| (2.2.30

r

18



HA 1 5+ 8 R (2.2.32)
w, dt
Hdw _ o (2.2.33)
w, dt
E 7 X, v
—
!

Figure2.9 Classical synchronous machine dime diagram

2.3Back-to-back converter model

The DSMS system proposed in this work is interfaced with the grid viatbdzkck converter
which is inspired by thevoltage sourced convertetVDC (VSC-HVDC) model[18], [43]. The

converterstructureis given in Figure 2.10

Decoupled C) N e J_ g @ Grid
machine I T /\/

AC/DC DC/AC

Converter Converter

Figure2.10 Backto-back convertestructure

Using the transformation given in sectiorl 2with g-axis aligned with AGside voltage, the

differential equations of the grside converter and the Dbk can beexpressdas

g gd _
— = =X
999
W dt
Xodig o0
w. dt 99
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wherei  andi , are the dgraxis currerd of the gridside converterr, +jX is the gridside
converter phase reactor,, andv,, arethe dg-axs voltages of gridside convertew is the grid
frequency in radians per second [rad¥§lis the gaxis grid voltage. The DC circuit is modeled

by the equivalent DC capacitan€y,_, the DGIink voltagev,., the machineside line current,,

c!?

andthe gridside line current .

2.4 Decoupled synchronous machine system model

As shown inFigure 2.11 the DSMS contains the retired synchronous machine without governor
and the AGDC-AC converter.Equations (2.2.30), (2.2.31), (2.2)332.3.122.3.3) together

conprise the model of the proposed system

e X, dig . )

= =X gy Tl W

i d d

'I\M/r dt s'sq S| s

I X, dig, o

T— = Ky FyVy EF
'|‘VVr dt s's sq sq q
T2H dw

fT——= P

L dt

| .

Tﬁdlgd—X| -fgi " (24.1)
A ~ Mggq gd cd
% o

TXQ dlgq_

TW dt Xglgd o Vi Vga‘
T 79

Idvdc

i

i

It is worth mentioning thatE is not constant during the active power adjustment. The

fundamental operating principlé 0 gener at or s and el ec tlnductoa.l dr i v
It describes how the magnetic field will interact with an electric circaitptoduce an

electromotive force( E MF ) . According to Faradaydcaegis | aw,

produced by the rate of change of its magnetic [

(2.4.2)



whose RMS amplitude satisfies the following relationship when the inductance remains the same
E, wlg (2.4.3)
As mentioned earlier, the voltage supply of the fieldding keeps the same which leads to the

constantl ;. Therefore,the internal voltageE, will follow the pattern of rotor speed in this

work.

Chapter 3 Decoupled Synchronous Machine System Controller

Design

3.1 Decoupleddecommissionedsynchronous machine controller

The proposed decoupled geamwr with no governor system but the constant field winding
voltage is essentially equivalent to the permameagnet AC machine (PMAM) configuration.
Therefore, it can be controlled in the similar way that the PMAM is controlled. This remaining of
this setion will illustrate the control mechanism of PMAM.

As mentioned earlier, the machine is connected to AC/DC converter which transforms either the
power from the rotating mass to the ik, or converts the electrical power from Bi@k to
mechanical errgy to drive the rotating maséccording to command such as the electrical
power, the controller will solve for the gate switching signals to the semiconductors of the

converter, see Figa 3.1

Rotating | power power
( g [«————» Power converter DC-link
mass |
I Gate signals
Machine signals
Control

Command

Figure3.1 Rotating mass control structure

The power transmission is regulated through the adjustment of stator currents. One important

feature of the currenegulated converters is the robustness with respect to machine parameter
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change such as stator leakageuttdnce[40]. Besides, the stator currents are restricted due to

the corresponding command which can prevent damage to the power electronics devices in the
event of machine startingp as well as the windirgp-winding short circuit{40]. The contrb
mechaism is given in Figure 3.24n a word, the inneloop current commands are generated by

the outer power control loop. The current commands are then used to generate the duty cycles

(gate signals) to converter.

-ref

order t,\ ¢ V.& q
Power-loop — | Current-loop
ref Converter
D, ier controller i controller v,
—> ¢

Figure3.2 Machineside control scheme

At the meantime, gridide converter is responsible for maintaining -M&® voltage while
providing reactive power to the grid

3.1.1 Current controller design

Now, we begin with the controller design of thenan current loopThe purpose of current loop
is to produce the proper converter voltage command which can be scaled to dutyTtyales.
are several ways to achieve the inner loop control degignording to[40], by using the

classical PI controllethe converter voltage reference can be assumed to be

erf = -Xsisd Eq (KPiS KJ+IS/ S)(-ref IS)I (311)

sq I sq

Vref = X (-'K R is K+l is/ S)(irig i s)- (312)

sd s'sq

where K, and K are the proportional and integral terms Bf controller respectivelys is the

lis

Laplaceoperator. Assume thgd-axis converter voltage reference are equal to the actual ones i.e.
let (3.1.1) and (3.1.2) equals to (2.2.30) and (2.2.31) respectively, we have

IReactive power reference is set to zero since thdifi®nly allows real power goes through.
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ref

VSq :Vsq
. o . X,
- xslsd Eq (KPis K-l-l. is/ S)(Isq Is)- ng sd rls sq E q_+SI
’ W
- (Ko K, IS A =i Ksgi
P.is l,is sq so) gsq M/r sq (313)
M/r K %_l_ K|,iS 6
P,is 8
ISq — XS C KP,ls =
s ref
| 2 w w
i §°+ < o-L=- K
S( I§3,|s s) XS l,is )(S

The d-channel current close loop transfer function is the same agdhannel.The scheme of
current loop is given in Figure 3.2\s can be seen, the system is obviously coupled. Two extra

terms in the forward path are used to decouple the two channels
BX.l

iy (3.1.4)
s'sd

Pl
controller

:b
R
Pl -
controller Via

Figure3.3 Inner currerdoop control scheme

A case study of this quaBMAM machine during different active power commands is

informative. The parameters of a higheed steam turl@ngenerator are given in Tablel3
(winding parameters are given in pant) [40].
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Table3-1 Steam turbine generator parameters

Rating Voltage..  Power factor Poles Speed Inertia
835MW 26kvV 0.85 2 3600 r/min H=5.6seconds
r.s + jx Is Xq = Xd rk‘ql + JX Ilkql r.k,qz + JX Ilkq2 r.k'd + Jx I'kd r.fld + JX I‘fd

0.003+0.j19 1.8 0.00178+j0.812E 0.00841+j0.093€ 0.01334+j0.0812E 0.000929+j0.141¢

Let us firstderive the transient reactanoéthe generatolisted in Table 3L by following the

formulagiven in[45]
i Xig (3.1.5)

We can deriveX, from

Xg = Xis X

3.1.6
- de = Xd 'x|s ( )

Substituting the grameters in Table-Binto (3.1.5 we have

. X X 3
X, =X, +mlw gqg LRF 01414 45 3.L17)
X _+X 1.61 +0.1414

where X ,=1.8 -0.19 2.6 u Substituting X, = X, #9.32, r,=0.003, w =2 60 and the

pole locations ofs = 410 ands, = 4000 into (3.1.3)yields

K, =8.4883
f He (3.1.8)"

K. =0.8603

P,is

I Thed-channel PI controller parameters are the sangecasnnel
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Figure 3.3 showcases thesultantcurrent step responses as tjgecurrent commands step from

zero to 0.2 and 0.1 respectively. It can be seen that the machine performs extremely well.

0.3

0.2

0.1

current/pu

0 1 2 3 4 5
timel/s

Figure3.4 Generator currergtep responsesith userdefined pole locations

Here comes another problem which is the pole locations seleditonrding to[18], the open

loop transfer functiois

é K is
KP,isé-'- I%P is
G.=—¢ : (3.1.9)

is Xsé+ m
Wgés EXS

r

S

- O: Ot

The seconedorder transfer function can be transformed into -farster transfer function by

cancelling the pole of (3.2).9vith the following specific zero

K
K

s= Lis =, .;i (3.1.10

P,is
As aresult, the closed loop transfer function becomes

isq_ 1

—1 = 3.1.11
i;‘;f t s+l ( )
where
t,= Xs (3.1.12
wK



Therefore, the PI controller pangters can be derived as

& X

Pt wmg

i r (3.1.13
'I‘Klis:_S

f , tis

Note that the rise time constant is a usedefined parametert is worth noting that the

parameteishould beadequately small such thtte fast response ahner current loogan be

guaranteed. In this worl,, is set tol ms to ensure fagnd good inner loop response. The PI

controllerparameters are given in (3.1)1As can le seen clearly in Figure 3.4g-axis currents

reach their references 0.3 adll as fast as expected.

(3.1.14)

e
H
I

o
w
T

o
N
‘

1

current/pu
o
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o
I

]
e
-

1
o
N
o
-

2 3 4 5
timel/s

Figure3.5 Generator current step resges withuserdefined rise time

3.1.2 Power controller design
Next, we need to design the outer power loop controller as indicateéigure 3.2. Recall the
power expression iqd-frame

FR& = Vfisirds -Vq!r gs

311
Jer = V;sirds _\/di qs ( 5)
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which can be written as (3.1.16) wigkaxis aligned with AGside voltaggd-axis voltage equals

to zero).

F.F?a = Vl(’isirds

lo =vj (3.1.16)
e~ VYgs'ds

As a result, active and reactiygowers can be regulated independently by providing the
corresponding current commands. These commands are the references for the inner current loop
as shown in igure 3.5 The active power loop showasseconebrder dynamig46] which can be

formulated inthis standardorm

P s+1

az
o C T 7 (3.1.17)
g S 8+2Z s 4

& —

¢ = W

wherea is a scaling factor of the zerg,is the damping ratio andy, is the natural frequency.

After solving theclose loop transfer function of active power, we have (see derivation details in
[18], [46])

2KI,Pel.i's
(Ko nEq+1) Ko
WA = Eq KlPe
" tis
E,Kpp +1
2m, &

a=

(3.1.18)

Z =

—) =) =) =) iy =) =) (]

whereK, , andK, ; are the active power loop{ebntroller parameters.
The damping ratio and natural frequency eaeulated bythe pre-definedpeak timeT | and the
maximum overshooM ; of the standard secofrutder respons€gé7]

Pz

M, =e " Y oz =Ih(Mm,) (3.119)
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P v P

T=+"F— Y W =— (3.1.20)

p n
w1- 7 TV1- Z
From (3.1.18 to (3.1.20, we can derive the Rlontroller parameters as following

e _ 2z w41
1Kep =
! = (3.1.21)
| L.
T Ui
LA E
[

q

with the method described above, the parameters for the

is?

ChoosingM , =0.15 and T =3¢

active power controller are calculated as

§K, , =0.1030

| (31.22)
1K 5 =1346 6

Figure3.6-3.8 shows the active power, rotor speed andctiveent response#. can be seen that
the active power reaches its commands veryviis about 0.15 overshoot which is acceptable.

The rotating mass slows down when it is required to provide power while it speeds out to absorb

power from the gridln addition, Figure 3.proves thatE, is proportional to rotorpeed leading

to the same dynamical pattern. Again, the inner current loops impléneecdmmands precisely

as shown in Fige 3.8

0.6 f | | | | —Pel |

0.4

0.2

Pelpu
o

-0.2 -
-0.4 -

-0.6 |
0 1 2 3 4 5
time/s

Figure3.6 Active power response
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Figure3.7 Rotor speednd field winding voltage responses
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Figure3.8 Stator dgcurrent responses

3.2Grid -sideconverter controller

Recall the grieside converter model and the BN@k model

éXg digd i .
T———=X_ . - e
% w, dt olog Tdga Vo
f X di
g “loq _ ;
: w, dt _Xglgd Flag Ve ng
Tdv 1
T dc —_— i i
i dt Cdc( L1 L2)

Eq/pu

(3.2.1)

Follow the same procedure of the current loop contrdisignin section 3.1.1 we can obtain
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WgK é’1+K|’ig o}
x re@T 8
I g C Pjig =+
ot = — m (3.2.2)
| 2
g b) Ky
g g

Similarly, this seconebrder transfer function can be turned in to fostler transfer function by
setting the zero as

Kiig &
S= —— =lo- (3.2.3)
Keig X4
which leads to
i
g o1 (32.4)
lgg S+l

and its corresponding bntrolle parameters

¢ _ %,

| g —

P g

| (3.2.5)
TK :r_g

T "Mig

1 t

Based on the power rating of the machine, the parameters of th&dgidonverteand DClink
can be chosen as in Table2318]. Choosing the same rise time constant as the im&ch

convertert,, =1 ms the Rtontroller parameters can be calculated as

§K, , =0.4393

L o1 (3.2.6)

1,ig

Table3-2 Grid-side converter parameters

Power rating Voltage base I, Xq Cie Vi

C

1000 MW 26kV 0.001 0.1656 0.004 7.5
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The DC voltage controller parameters are firstly tuned with the similar approach as tre pow
loop in last section (see details[#6]) then manually tuned to obtain a more satisfying response.
The reactive power loop is tuned heuristically using Pl tuning toMatiab. Table 33 shows

the tuning results.

Table3-3 Pl-controller parameters of D{ihk voltage and reactive power

KP,V |<I,v KP,Q I<I,Q

-4.2 -25.6 0.4 1169.2

Figure 3.9 and 3.10 shotlie DC voltge and reactive power responses with 7.6 pu and 0.3 pu
commands respectively. DC voltage responseah@921 overshoot while reactive power has

0.067 overshoot. They are all acceptable.
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0 76¢
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Figure3.9 DC-link voltageresponses
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time/s
Figure3.10 Reactive power response
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3.3 Overall performance of the system

In this study, the machine is connected to infinite bus whose characteristics such as voltage and
frequency do at change in spite of the power delivered or absorbed by the machine. The infinite
bus may not be practical in real life scenario, however, looking out from point where the
machine is connected to, the size of the rest of the power system is much Emgbetmachine

itself regarding to the power ratings. That is to say, the characteristics of the infinite bus should
be sufficiently approached to realitlf.can be seen from Figure 3.11 to 3thatthe system

follows its command very well. Different Ips are able to implement their commands

individually in a fast and satisfying manner.

0.8
——Pe command
i - - Pe
0.6 -
2
3 04
o
0.2
0 1 1 1
0 1 2 3 4 5
timel/s
Figure3.11 Active power response
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g
O \
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> 7.7 e
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7.5 !
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time/s

Figure3.12 DC-link voltage & reative power responsg
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Figure3.13 Reactive power response

Chapter 4 Koopman Operator Theory

In the previous chapters, tikentroller design methodology of DSMfas been introduced. The
main goal of the proposed system is to eliminate frequency oscillation and improve voltage
profile by varying active power outputthe variation ofDC-link voltage andeactive powers as
Figure 4.lindicates Note thatthe active power anBC-link voltageare used to damp frequency
oscillation while the reactive power is used to improve the voltage transient peréetnidow

the task is to design the external contralighich produceshosereference signald.he external
controllers consist of the frequency controller and voltage controller respectively.
Conventionally, in order to design a controller to enhancdesysstability during the
disturbances caused by physical evenis need to derive the system equations and linearize
them around the equilibrium pointdowever,an explicit dynamical model shown in the black
box including the external power grid is ohet great challenge due to the uncertain
characteristics of the convertieterfaced generation. This makes the dhtaen control the

only practical option The Koopman operator theory is a popular and powerful tool which is
capable of the analysis andepiction of the nonlinear dynamical system using measurement
data[25] making it a data driven approach. The Koopman operator utilizes a set of scalable

1 The DClink voltage isused as an auxiliary functionality for frequency control as givgAgh

2The physical events applied are essentially different perturbations (we alstheralldisturbances) in power
system Those perturbations are different from exogenous inputs. &tegquivalent to the change of the system

structure, parameters, or operating conditions.
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observable functions to reconstruct the underlying dynamical system from measurement data in a
linear hut high-dimension space i.e. the system is linear in this new spaeean example shown
in Figure 4.2 In order to understand Koopman operator theory, we will start with the basic

concepts and geometric properties of nonlinear dynamical systems.

Black box: system to be controlled

peeee P & Ve, Q
: Voo
freq. V
Pref 3(3 \r:ifc_ref : ! External freq./V
_— Rotating Power
Input mass

\ Grid Output y

External
Controller

Figure4.1 General system structure

Input u

Unknown black-box system

, Linear high-dimensional space
/,/ Nonlinear low-dimensional space

¥ e -«

77 \ YN

i )

L J

L
FO ) = Vi1, U1 Kzy = Zpyq
m:2-D

Output y
Figure4.2 Koopman operator theoschenatic diagram

4.1 Nonlinear dynamical systems

4.1.1 The nonlinear dynamical viewpoihof systems

Dynamical systems are the systems that evolve and change in time. The systems either settle
down to their equilibrium points, repeat periodically, or behave in more sophisticated etay. L
us considethis differential equation
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2
ad Xy b%( KX & (4.1.2)

which can be written ianotheform by introducing new variableg = x , x, = X

X =%

(4.1.2)
o= (b o)

For the system with variables we havét.1.3). This is referred to asdimensional system with

n statesx . It has am-dimensional phase space.

X = f(%,.%)
: (4.1.3)

%, = 000 %)
Since all the variables are of the fisder, (4.1.3) provides a linear system. If the equations
contain other terms of such & productsx x , function f(x ), higher orderx’ and etc., then
the system is nonlineafor example, the motor of rotor differential equation

2 E Vsin(g. -
2H d Zr — PM q Yt (Qr Q)
dt X

S

(4.1.4)

whereg, is the terminal busadianangle,V, is terminal bus voltage, is rotor radianangle,

E, is internal voltage X is the generator equivalent reactangg,is mechanical power. The

windagefriction is neglected heréonlinear system is difficult to solve analytically. The most
commonly way is to linearize the nonlinegystem around its equilibrium point with small
disturbance such asing = gfor g <1. However, this leads to another problethe large
disturbance will not beaught up.

[49] illustratesan idea to solve the nankar system using geometric methods. & is to
extract information from the system trajectoriests phase spacdrajectory is defined as the
path that an object moves or changes as a function ofstemiing from an initial condition. For

instane, Figure 4.3showsg, - @ curvewhichis thetransientrajectory of generator No.3 in the
Kundur twearea systenstarting from[g, (0), u0)]. The coordinate$g, (k), wk)]at different
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time stampk =1,...,t are the solution of this nonlinear system. The corresponding space of

(9., w isthephase spacef the system.

In general, we want to solve timedimensionalsystem(4.1.3) usingits trajectoriesn the nth-
order phae spacevithout analytical solutionsrherefore, obtaining the correct dimension of the
system will be the first task. This will be discussed in Chaptér Bhost cases, the systems not

only depend on the states but also depend on input$o take the effects of inputs into account,
we can expend the system dimension by adding the spage.dy doing that,under the

controlled settingjt allows us to visualizahe phase space with the trajectories evhialso

contain functions depending on input.

The reason why the linear systems can be solved analytically is that linear systems can be
decomposed into pieces using various methods such as Fourier transformation, Laplace
transformation whe nonlinea system cannot. However, our daily life does not work in such a
simple linear way. For instance, optics subjects and power system operations behave in the
nonlinear way since their components or elements are interfered and correlated with each other
[50]i [53]. The rest of this chapter will start with the basis of nonlinear system then transient to
the notable Koopman theory.

0.5}

dw[rad/s]

0.5} [dtheta(k),dw(k)] -

[dtheta(0),dw(0)]

-40 -35 -30 -25 -20 -15
dtheta/deg

Figure4.3 Trajectory and phase space of generator No.3

4.1.2 Basic geometric carepts
1 Equilibrium of systemFixed poins [49]
Consider a vector fielosh a continuous time system
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%= f(x) (4.1.5)

where xI R" is the vector of stateend f : M- R"is the vector field on the state space

Let usdefinea flow mapF : M- M
to+t
Fix,)=%. = fjf(x))di (4.1.6)
f
which can maps the current stafe to the futue statex ,, at timet with the assumption that

solution of (4.1.5) exists Thisinduces theliscretetime system

e = T(X) (4.1.7)
where the sequenc[e<0,xl,»] is called the orbit starting fronx, and T: M- M is the
dynamic map.
The fixed point of this system is the solution which does not vary in time. In other word, the
fixed point is tle equilibrium solution X of (4.1.5) such that

f(X)=0,% IR" (4.1.8)
or the orbit ofremains atx forever, thenx' is thefixed point which can be written as

o= F(x%) =f(X) = (4.1.9)

In general, the fixed poirin (4.1.9 is stabl€ if it is able to return to its equilibrium region
(neighbor) after disturbanaes time goes to infity. Or thefixed point in (4.1.9is stable ifits
neighbor orbit is attractedrigure 4.4provides the exampdeof stable and unstable trajectories
obtained from Kundur twarea systemAs can be seen, the left trajectory wergesafter

applying smalldisturbancevhile the right one divergesdter large disturbance

1 The flow map satisfies the semioup property28].

2The stability refers to the asymptotic stability for simplicity.
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Figure4.4 Converge and divge case study of generator No.3
1 Limit cycle

Thelimit cycles are the isolated closed curves (trajectories) of the dynamical s¥stieatl

the neighboring curves approach the corresponding limit cycle, then this limit cycle is stable.
Otherwise it is urtsble or hakstable[49]. The major difference between the limit cycle and
closed orbit is that limit cycle only exists in nonlinear system. If you perturb a stable
nonlinear system, if will return to the limit cycle. However, if you perturb a stablarline
system, the disturbance will persist forever (it will jump to another closed orbit) if it has a

periodic solution.
1 Attractor
An attractorA has the following propertig49]:

a) Itis aninvariant set; Sis an invariant set if any trajectory startingSmemains inS

for all time.

b) It attracts an open sét of initial conditions.The largestU is called thebasin of
attraction of A.

c) It has no subset which can satisfiegha) and b). In other word, it iminimal.

! |solated means that the neighboring @smare not closed.
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The attractor can be a stable fixgdint or a limit cycle. Any point irJ will converge to it as
time goes to infinity. Sometime the systems have more than one attractor but the union of the

attractors icalled attracting set
9 Bifurcation

Bifurcation is the qualitative changes in the ndynics such as the fixed points
creation/destruction, stability change and etc. For instance, the qualitative structure of the

system can change along with its parameter varigdioh [54], [55].

4.1.3Motivation of data-driven techniques

As mentionedn the beginning of this chapter, linear systems are easier to solve because they can
be represented by the sum of several small parts by using Fourier analysis, Laplace transforms
and so on. However, those methods fail in nonlinear systems because rtherenknear
interactions going orParticularly, the solution becomes more complicated if the external force

is added.The traditional way to solve the nonlinear system is to linearize it around the
equilibriums. What if the system has a pretty high disien such thathe numerical solutions is
unavailable? For examplayrbulence system ambwer systenare extremely nonlinear system

with very high dimension Particularly,for the latter onethe uncertainties of renewable energy
sources (RESSs) increatgee complexity of the system and also introduce uncountable degrees of
freedom, becausthe renewable sources are varying as weather changes, temperature changes
and so on32], [56]. Besides, in a lot of casedue to the interference of human beings the
complexity of model increases dramatically7]. As a result,the model of the system is
unreachableFor instance, our brains which interact with the internal neural network do not
follow simply differential or difference equatisrirhe basic geometricrpperties and objectsr

those systemare extremely difficult taliscover. Moreover, what if the system is perturbed by a
large disturbance much further from the equilibrium? Do we have a robust model to deal with the

large disturbance?

All the problemsarisen force us to seek for other ways out. Thanks tbdbstdevelopment in
computers the datdriven methodologies hawaused attentiorEspecially in the recemtecades
datadriven methods for system identification and control have been undegoavplution due

to the rise of big data applied in machine learnidgtadriven methodologies as the name
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suggested, it is a technology that studies system from{5&{ig61]. It is especiallysuitable for
designing controller of the systems who arerabi@rized by strongly nonlinear and high

dimensional.

Koopman operator theong a datadriven methodology whiclhasrecently gaining significant
research interests asystematidrameworkto obtain linear representation of nonlinear systems.

Koopman gerator theory will be illustrated in next section.

4.2 Koopman operatorof autonomousnonlinear system

B. O. Koopman showed tha nonlinear dynamical system can be represented by a linear
operator with infinite dimension on the Hilbert space of observgbs This linear operator is
referred to as Koopman operator. Koopman operator is unitary meaning that it is a one to one
transformation of the points in Hilbert space and such that the inner product of any two
observables stay unchang@@l]. Many researches have shown that a lot of the classical
properties of dynamical systems can be extended to Koopman formalism. Forens#tdnas

been shown that the level sets of Koopreagenfunctionscan form the invariant partitions of

the state space of the dynamical sys{@&3]. An extension of the local linearization of the
Hartman Grobman theorem to the entire basin of attractioa stable equilibrium or limit cycle

has been shown by using the theory of Koopman operator. In addition, this linearization can be

applied to flows as well as maf].

By applying Koopman operator the nonlinear system is turned into meHrigh-dimensional

which introduces new challenges. People are seeking for a way to obtain a finite approximation
of Koopman operator which reserves the dynamical properties of the original $24iefmhis
approximated operator ipromising for controling and pedicing the nonlinear system.
Obtaining Koopman operator first requires the measurements of obserkaimpman operator

is attractive in the ear of big dat@t onlybecause it is only built upon measuremeata, but

also it can promise that a linegypoximation of the nonlinear system can be obtained without
the traditional linearization around one particular fixed point. A proper approximation can even
enlarge the stability region around the equilibrium which will be shown in the case study in
Chaper 7.
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Here comes a new probleénwhat datashould we usef other word, which variables should we

pick to form Koopman operator? Roughly speaking, these variables which can be utilized to
generate the Koopman operator are called observalolegeneral,the observabk are the
functiors of system states such that the obsensatdatain the knowledge of the dynamies

are interested inFor example, considering the power system dominayethe swing equation

given in (2.2.22) of each generator. Themorospeeds and angles are governing the system
dynamics. The good candidates of observables are the terminal bus voltages, the electrical power
of generators and also the system frequenegaBse theystems states (rotor speeds and angles)
and the functin of them determine where those observables are headinQridhe contrary,
reactive power of the generator is not a good option of observable because it does not majorly

depend on rotor angle and speed.

However, the system to be contrallgiven in Fgure 4.1is too complex tmeitheraccess to all

the system statesor determining the observables using simple power system knowjigslge
Thus, amethod of determining observabldgat can deal with partial states or even no state
information is requird. To this end, a method for constructing Koopman operator for such a
system (i.e. inpubutput system) W be illustrated in the last section of this chapter and next

chapter. Now, let us start with the fundamental theory of Koopman operator.

4.2.1 Koopman operator for discretetime system

In this section, the fundamentafi Koopman operator will be revieweDiscretetime dynamics
are consistent with experimental or simulation measuremehescdllected measurement data
has the nature ofliscretetime. Besides, thediscretetime systems are more general than
continuoustime system systenf24]. Therefore,we will begin with thediscretetime systems

and then extend to the inpotitput system.

Recall the discretéme system
X1 = T(X)
where X, I M ER" is the state vector of the system at time &tefi can also be written as

X" =T(X (4.2.1)
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where x* is the future (successor) stafEhe Koopman operatokC:F - F is a linear

transformation defined in the following form
Ka(x)=g(X-T(3 (4.2.2)

whereg:R" - R is named a®bservableof the systemg belongs to_ which is the vector
space (typically infinitedimensional) formed by the set of all the observahiess invariant

under the action of Koopman operatand - denotes the composition @f with T, i.e.
Ka(x) = o(T( ) (4.2.3)

The Koopman operatok is a linear representation of the nonlinear dynamical system on space

_, meaning thathe Koopman operator advances the observables linearly

9(%) =C9(%) (4.2.4)

It is worth noted thathis operator significantly captures dynamics of the underlying system in
the space of observableswhich consists of the components &% sicluding x itself. The key

property of Koopman operator is the linearity, i.e.,
Klag + f,) = kg -+, (4.2.5)

where a and b are constants,g, and g, are two observables. We calf,, /) an

eigenfunctioreigenvalue pair of Koopman operator if thejisg [25]

Kf, =€/ (4.2.6)
where/, | C. Koopman eigenfunctions have the property thatif /) and (f;, {) are two
distinct eigenfunctioreigenvalue pairs, we have

K(f,, D=(,F)K K, Kb €5 "0 e7'rt, (4.2.7)
Therefore,(fi f i F ) is also an eigenfunctieeigenvalue pairThe state space dynamics can

be characterized by the spectral properties of Koopwerator. For instance, since the

Koopman eigenvalues are the point spectrums of Koopman operator, we can use Koopman
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eigenvalues to evaluate the stability of the system. More properties can be fqa6{ i63].

With the assumption that all the obsenestof the system lie in the linear spas.
9(¥ =84 v/ (% (4.2.8)
i=0

where v, 's are the coefficient of the this Koopman expansion. Nameglg are Koopman
modes associated with the Koopman eigenfunetigenvalue couplé’,, /). According to

(4.2.8, Koopman modes can be obtained by the projection of the corresponding observable and
the eigenfunctionThen we can desbe the evolution othe observables as

K909 =4 VA,(3¢' (429

It has been proved that Kpman linear expansion in (4.2.8pplies to a large class of nonlinear
dynamical systems such as theavith limit cycles, hyperbolic fixed points and etc. &% for

detailed examples.

4.2.2 Koopman operator for continuoustime system

Previously, we have focused on the Koopman operator formalism for difionetesystem in
order to be consistent withemeasurement data from rddié experiments or simulationslow,
the analysis carries over to continudimse systems for the purpose of completenaisshe
dissertation

Consider the continuottme system
x= f(x)
Since it is continuoutime system, we can define a gp&rameter sergroup of Koopman

operators{ /Ct}tzosuch that each component of this group is given by
K'o(9 = a9 F (3 (4.2.10
where g is again the observable of the system. The above equation can be written as

K'g() = o(F (%) (4.2.11)
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This system also follows the linearity of the composition operation and the property given in

(4.2.7) and the evolution of observables
K'g(0 =8 v, (R¢' (4.2.12)
i=0
which shows thakC'g(X) is sum of infinite terms of sinusoid and exponential.

4.3 Koopmanlinear predictor of non-autonomousnonlinear systent

4.3.1 Koopman inear predictor basis
In this section, Koopman operator is extended to the-awbonomous systesn(controlled

systems)i.e.

X" =T(x ) (4.3.1)

whereul ¢ I R™ is the control inputThe goal ofthis work is to reconstruct the nonlinear
dynamics in a linear framewoduch that the trajectory of the nonlinear system can be predicted

by the linear predictothis predictor is an appximation of Koopman operatare.

€z" = Az +Bu

_ 4.3.2
:' ¥=Cz ( )

where zi R™ with someN>n, and £ is the predictia of x, Al R™" | Bi R¥™ and

Ci R™N [33]. The initial condition of (4.3.2) is given by
2= 90%) 900, & (%) (433

where g, :R"- R,i=1,...,N arethe userdefined observableftypically nonlinear) We can

also call it as lifting function since its responsibility is to lift the idimensional nonlinear

system to a higldimensional linear system. The resultant stais referred to as the lifted state.

1 We only consider the discretine system from now.

2 Unlike the previous definition, the numbergis finite due to the approximation of Koopman operator.
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This linear predictoenable the application of the existing powerful optimal and robust control

technologies for linear systerssich asH_, , LQR, model predictive controfMPC) and etc. to

fulfill the frequencyl/voltage contriml Figure 4.11t is worth to note that the control inputwill
remain unlifted and therefore we can impose linear constraints on the input sifB&ils

Furthermore, linear constraints can alsorbpdsed tok since it is a linear function of .

However, the predictor is not always accurate for all future time. Fortunately, if the predictor can
provide prediction within long enough time intervalwill be readily facilitating the use of
linear control technologies. Particularly, MPC is suitable for this purpose since it only requires

the prediction of a finitdime window to calculate the control signals.

4.3.2Koopman operator for non-autonomous system

A lot of work has been done to generalize the Koopman operator to controlled §2tEf&)].

In this work,in order to obtain the linear predictor (4.32)igorous and practical generalization
presented if33] is adoptedThe Koopman opator under controlled setting is working with the
extended state space which is defined admgesiarproduct of the original state space and the

space of all the control sequences, i.e.
S=R" 3¢(U) (4.3.9)

where /(U) :{(ui )io 1Y I'L{} is the space of all input sequenceesThe extended state

C =gz (4.35)
&
is descried by
; er (X )
c'=T( & = (4.3.6)
€ Su

where S, denotes the shift operator which shift tfedf input sequence to the next one, i.e.
S U=y, [33]. Given the observablg :S- R , the Koopman operator of the controlled

system can be defed as
Ky (9= YTO)=K O0u)) = (Tex w). (W) (4.37)
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4.3.3EDMD for non-autonomous systems

In this section, a finitelimensional approximation of the Koopman operafors constructed
using the extended dynamic mode decomposition algorithm (EDMD) propodé&d]innder
controlled setting. EDMD is a datdriven algorithm that only requirda) a data set of snapshot

pairs
(¢, ¢), 1=1..K (4.3.8)
and(b) a dictionary of scalar observables

y(9=§ & e WK ) (4.3.9)

which is a vetor of the observableg, :S- R,i=1,..N, . According to[33], the observables

¥y .6 areimposed irthespeciaform

yitg= ¥xu) g(x 4£(u) (4.3.10)
where g; is the same a@ (4.3.3)and £ :/(U)- R is linear. With the assumption that
N, = N +m, the vector of the observables can be expressed as

89(%)

& (4.3.11)
e Uy

y(xu)=

where g = [ Oy eees gN]T andu, is the first element in input sequencrhe approximatioK of

is then given by the solution tfe leastsquares probletn
X 2
ming v (¢)-K x jﬁz (4.3.12)
=1

However, the future values of the control sequence are out of intdsest.resultthe last m
terms 0f(4.3.19 can be discardef83]. Let us only consider the first N rows Kfdenoting by

K™ , this matrix can be decomposed as

! This problem does not have multiple isolated local minima. It must hdlerea unique global minimizer

(solution) or a continuous family (or families) of minimiz¢ra].
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K" =[A B (43.13

where Al R™" and Bi R™™ are the ones defined in the linear predictB8(). With these

notation, 4.3.129 can be rewrite as
X . 2
mind [9(5)- Ag(x) By, (4.3.14)
B %

whereu, , is the first element of the control sequence at iniEhe matrixC is obtained by

another leassquares problem
X 2
ming ij - Cg(x )H2 (4.3.15
i=1

The solutions 0f4.3.14 and @.3.15 give usthe predictor of the form4(3.2 which starts from

the initial conditionz, = g(%) F g(%),.-, ¢ ()] -

4.3.4 Numerical solution for the Koopman linear predictor

In order to obtain the numerical solution of matriéed3, andC, the first step is to colléthe

following data sets from experiments or simulations

exX =[x, ..., %]
iv =[X s %] (4.3.16)
tU =[u,...,u]

wherex; =T(x,Y). ! Next, the data sets are lifted by a given vector of obserfables

§X|iﬁ =[9(%),--- 9(% )]

1Yy =[00%). - 9% (4317)

|
I,U =[U1,...,UK]

where

! Note that we neither need to arrange the data in any temporal order nor to collect the data from single trajectory.

2We do not liftU data set to remaimeé linear dependence of the predictor on the original control signals.
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a(x)=8a(x%),-q (x) gj L...K (4.3.19
MatricesA, B, andC are obtained by solving the leasjuares probleni83]
rQyiBnHY,m - AX;, -BUJ_, mCinHX - Cxe |, (4.3.19
where|). denotes the Frobenius norm. The analytical solution of thesejtimizing problems
are

A B g Yig Xg &
& ou X W&

In practice, if the size of the data sets are too l&&ge N, it is more computational friendly to

(4.3.20)

caie

solve this equatiofB83]

V =MG (4.3.21)
where
€ eXiq '
IV =Yy é u
i gU ¢
i N (4.3.22
T 04
i &U ul&
The solution ighen given by
M =[A,B] (4.3.23
Note that, as indicated in section 4.2.1, the observables also inctudegimal stated s . Hence,

matrix C =[1,0] after aproper reorder of the observables. By doing so, the sizésaoflV are
(N+m) YN m and N3 (N +m respectively which is decoupled from the numberdata

pointskK.

4.4 Construction of Koopman operator for Input-Output systems

Previously, we assume that the system states aewvailhble. However, we are facing a large
power system which contains large number oftates and most of them are not readily

measureable. The dgsn to be controlled in Figure 4i4 a typical InpuOutput system whose
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internal dynamics is unknown like Blackibox . On | y -outputedatd paigfw ) are
reachableFor example(P|| Q, frequncy| voltagkis the inputoutput dad pair of the system in

Figure 4.11n this respectwe consider the system of this form
y=h(x (4.4.1)

wherey is the instantaneously measureitput of the system and:R"- R". x satisfies
X" =T(x u). Now a correct choice of observable is extremely important to have a trudy line

system in a large region in the original state space. A single frequeliage measurement is
insufficient to observe the system dynamics and thereforeawtake high order derivatives of

theoutputand inputhemselves in the form of tirgelay emledding z given by

—ayT T T T
Zy —gyk’--w)ﬁ«my 2o Ul g g
(4.4.2)

+ —ayT T T T
Zx —8Yk+1:---73’k+qjy’uk ERTIIL

ca” .~

where n,, and n,, are the number of output and input delay embedding respectively. Delay

embedding is a classical theory in system idegtiifon [72] as well as in the Koopman operator
approximation[25], [26], [33], [73] By embedding the timdelay measurements on all input

and output data, we can form the new matrices

EX =[z,,...,
F , [Zi <] (4.4.3)
Y =[z],..., Z]
Similarly, after applying the obseable functiongy, we have
58X, =[9(z2),...,
f|3 'I|ft [o( 1) a( (3] (4.4.0)
Yie =[9(z;),--,9( &)
The leastsquares problems become
rI\]’iBnHY”'ﬁ - AX; -BUJ|_, mcinsz- CXi, (4.4.5)

where z, is the most recent embedding coordindtee linear predicir is constructed as
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€z" = Az +Bu

G- (4.4.6)

where ¥ is the prediction of the output most recent outputhe resultant initiacondition of

this predictor isz, = g(z,) [25], [33]

More rationale behind the tirgelay embedding technique will be given in Chapter 5 including

Takens theory and the algoriteifior choosing optimal embedding dimension.

Chapter 5 Time-Delayed Embedding

As mentioned in the previous chapters, it is extremely rare that we can measure all the states of
the nonlinear systems. So how de wiscover the underlyindynamicalsystem with limited
information?In this chaptera classicatechnique called timdelayed embeddingshich can be

utilized to reveal the unknown system dynamics will be introdu€ee process of going from
observed meaurements to a dynamical model is fundamental in engineering. In general, we can
reconstruct the unknown nonlinear dynamical system by constructing a new state space by
means of the delayed versiontbé measured data itselfypically, Takens theorem praes the
theoretical foundation of basically all time-delayed embeddig analyses In general, by
constructing a new state space by means of consecutive observed scalar time series values, we

will be able to reconstruct the underlying unknown dynamicaesys

5.1 Takens embedding theorem

Takens embedding theorem is very powerful theorem proved by Floris Takens that generically
the one can reconstruct a shadow version of the original manifold simply by |@ilong of its

time series projectionddereisTheor em 1 of[7/dfakensd paper
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Theorem 1 (Takens 198)lLet M be a compact manifold of dimensienFor pairs (/ ,y) :

/ :M - M a smooth diffeomorphism which is at le@€Stand y: M - R a smoth observable

function, it is agenertc! property that the mafr Gy M - R*%*! is an embeddinglefined by

F o) =Y, Y (R),- Y (X)) (5.1.1)

The whbirfdf eto mmeapshai ogmdne mapping from thene to the other which is
invertible and differentiable in both direction&ccording to Takens theory, if you have the
correct data and yowalso do the embedding correctly, the results are guaranteed to be
dopologicallyd identical to the true dynamicddere comes the question, how the word
topologically is related to diffeomorphi@® o p o |isothe fuddamental mathematics of shape.
This is very di e me@eomebyrhasrhe wdidemetrcdourigdit. &nd
metricis a way to measure seethingwhich topology does not havRoughly speaking, tien

we discuss about thepology of an object, onlthe number bpieces or the number of holes
matters. For instancehe colander in Figure 5.Ras very different topology than the bowl
because # colander has hundreds of holes in it although they do have the same geometry.
However,the coffeemug and donut in Figure 5Has the same topology but different geometry
because they both have one hole and one piEus.is a very famous example of tpgy.
Imagine the mug and donut are both madeof clay or plasticine, the mug can be continually
deformed without piercing any holesr creating pieceso a donut and vice versahe
mathematical form of transformation like this deforming of clay tha#s not create or break
pieces or holes is called a diffeomorphisirherefore, a diffeomorphismvhich preserves
topology hasthe same shapas the original manifoldqualitatively Many of the important
properties such as the Lyapunov exponents are imiamader this transformatioAnd a correct
embedding is related to the true dynamics by such a transformation if the conditions in Theorem
1 are metAll of that means that we can measure one variable from a very complex system and

form the embedding codinates to reconstruct the original dynamics.

! Generic means open and dense, and WeQ]seopology. The functionsyi CZ(M,R) is referred to as

measurement functions.
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Figure5.1 Objects have same topology

Q\‘f e 7_,j ’
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Figure5.2 Objects have same geometry

Now let us connect Tas theory to the autonomouslimensional nonlinear discrete system of

the form

Xk+1 = T( )&)

512
Yo = (%) (.12

where xI R" is the system state the at time skepndT: M- M is the dynamic mapy, is

a measurement antd: M- R is the measurement functioAccording to Taken theory, by

constructing the scalar tirtelay coordinatez, , of any individual pointy, with its past

history from system trajectory, we can reconstruct the nonlinear system under mild conditions.
Z, =& Yior s Yoo, K Lo K-y (5.1.3)

wheren, is the embedding dimensiaand# is the time delayK is the number of the data

points.
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5.2 Extension ofTakens theory- input-output systems

Modelling inputoutput systems is necessary in many applications. For instance, the conventional
synchronous generator requires governor and exciter to maintain the power system stability.
Takens theorem was extendedhbrrautonomous (forced) systems[89], [75], [76]. However,

we may only have access to the inputput data pairs fothose systemdn 1992, the input

output systems have been considered in this context by Martin CagRfsglHe proposed a
method & constructing timedelay embedding coordinates adapted to the ioptgut systems.
Considersuch asystem in Figure 5.3

Unknown
Input u nonlinear system | Outputy
T(x,u)
y=h(x)

Figure5.3 Input-output system diagram

which is defined as

Xk+1:T(X<’L{<) 1

521
Y =h(x), hR" - R" 623

where yi R" is themeasuredutput of the system anai R™ is the input. It is hypothesized

that the following relationship holds

Yo = T(ZNd,k) (5.2.2
where
< T
Zy = SYI Yier s+ Yo, + Ui Ug oo Uy, a (5.2.3)

is the delay embedding coordinakeis the time stamp. And is a function fitted to the input

outputsequentiatlata. The results frof’5], [76]i n essence provel33amsdagl i

11n [35], u andy are both scalars. Here they are generalized to multidimensional vector.
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embedding such systefnsHowever, n  Ca s d a g [35]0tlsere jisan@ dinect method to

determine the embedding dimensions for both input and output. Next section will introduce two

algorithms to determine optimal embedding dimension as well as their extensions -ouitpoit
sygems.

5.3 Time delay- Auto mutual information

Before we calculate the optimal embedding dimensimneed to consider anothepplem: Is

every sampled point needed? Let assider the Lorenz system which is defined as

ex=s(y -¥
iy:x(r -2y (5.3.1)
bz=xy -bz

where the parameters =10, r =28, b 8/: are the typical values commonly used. If we
measure variable with 0.01 sampling time, we get the following plot. As can be seen from the
plot, if we take every point in this trajectory to reconstruct the system we will oversample the
In fact, we may only need 25 points to draw the same trace which originalB08gsoints, see
Figure 5.4 and 5.5

INote that, in Casdagli és paper, the delay embedding

to the one withm-dimensional input in this work, Ll R™.
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0 50 100 150 200 250 300

Figureb5.4 Trajectory ofx with 0.01ssamplingtime

Figure5.5 Trajectory ofx with 0.12ssamplingtime

In order tocalculate the optimal time delay betwegnand vy, ,,, Fraser and Swinney proposed a

method to compute the time delay such that the delayed coordinates are as uncorrelated between
each other as possili&7]. In other word, they developed a way to quantify dependeetvecen

the original time seriey, and its timeshifted versiony,,, as mutual informatior (y,; Y,.,)-
The mutual information betvea y, and y,,, is named as average (auto) mutual information

(AMI). It is formulated as
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o}

ap, (7)
% p

= (5.3.2)
¢ P

(Vi Vi ) = a B; (t)log
i

wherepi is the probability thaty, is in bini of the histogram drawn from the data points,in
and p;(J is the probability thaty, is in bini while y,,, is in binj.
Now the question is what does.3.2 mean? Let udirst quantify the amount of information.

The amount of information is named as entropygéneral, entropy is the average amount of

information sent by an event considering all the possible outcomes. Entropy is formulated as

H(X)= -a P(Xlog P( X (5.3.3)

where P(X) is the possibility of everyin X . For example, Ithe weather station tells you there

is 75% possibility that tomorrow will be sunny and 25% possibility that tomorrow will be rainy.
We can quantify the amount of information obtained from the weather station by calculating its
entropy as

H= 0.75 fg(0.75) 0.25 I6g(0.25) O:

Now we can answer the question, AMI tells us the amount of information obtained ygbout
through observingy,,, . Generally, the less, and y,, are correlated, the smaller the

(Y, Yirr ) - As shown in Figure 5,8he less the two circles are overlapping the smaller the AMI.

Figure5.6 Mutual information diagram

There are various way to selgcsuch as the position of the first minimyi#v]. However, the
local minimum may not be able to locate in pracfit®]. [79] provides another method to look

for t ; AMI may monotonically decrease as a functionf @&nd is the smallest humber for
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which AMI reaches the valug/e The previous discussion about AMI is for scalar time serie
data,what if we have a multidimensional time series d§887 proposed a uniform multivariate

AMI method; ¢ is estimated by averaging over the AMI of all variables. The paper adopts this
method for simplicity.

As a result, th@rocess of AMI computation can be drawn by the following flowchart

AMI(n) =
Iy (); Y (M)
I(u(n); ugso(M))

Find the lowest T
when AMI(n)< 1/e

Record t(n) Record 7(n) - T*=Mean(t(n)) Stop

Figure5.7 Flowchart of multivariate AMI procedure

where

VoV )=a p,;(¢)log (5.39)
i G Fvi p/,j
V, :[M,...,yh,q,...,qn]T

Take the Lorenz system as example, the AMKkaind for all the variables are given in the
figures below. Since the AMI of andy cannot reacli/e, ¢ is computed as the meantbe time
lags of the local minimum of all the three variables.
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Figure5.9 AMI for X, y, z

5.4 Optimal embedding dimension algorithms

Takens theory states that under mildnditions, the timelelay vectorwith embedding

dimensionn, 2 2n 4 can certainly construct the diffeomorphism of the original state space.

However, this inequality is a sufficient but not necessanditmon. In other words, you may be
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able to get away witifewer embedding dimension which also reconstruct the dynamics

accurately.

For instance, théorenz system is a threbmension systemAccording to Takens theory, we

need as least seven tirdelayin the embedding coordinate to assure that the reconstruction is
true embedding. However, it has been shown that you can successfully embed data from the
Lorenz system in three dimensiof&3]. Now the question is: why do we pick three as the

number of emédding?

5.4.1 False nearest neighbor algorithm

False Nearest Neighbor (FNN) is a standard method to estimate the optimal embedding
dimension.lt was first introducedy Kennelet al in [34]. The neighboring points refer to two

data points that are ad@tt to each other. In order to determine whether the embedding
dimension is sufficient, we examine the distance between these two points. This process is
repeated for all the data points, the percentage of the points which have FNN is calculated before
we continue to higher dimension. If the distance does not change appreciable (the percentage of
FNN drops to zero or a small value), then this is the embedding dimension we are looking for.
Otherwise, dnigherembedding is needeBigure 5.1(Qrovides asimple example to illustrate the

basic idea of FNN.

O

>
w

- >
e
* 0

¥

(@ ny,=1 (b) Ny =2 (c) n,=3
Figure5.10 Example of true nearest neighbors with different embedding dimengion

Point A=(1,1), B=(3,1), C=(2,5) are three points in a twdimension state spaas shown in

Figure 5.10 A and B are true nearest neighbors in the original state space. However, by
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projecting these three points onto afimension spaceA and C become neighbors/hich is
against the truthlf we further embed # space onto a thremensiomal one, we can still
identify A andB as the true nearest neighharowever, we choose the minimum embedding

dimensionn, =2 as the ofmal embedding dimensio Now, we move to the numerical

procedureof FNN.

Considerthe autonomous system in (5.1.ENN algorithmfirst identifies the nearest neighbors

of each embedded poiat, , in the n,- dimensional embedding coordinaléhe dimensiom,

is estimated by evaluating the change in distance between neighbors, as we literately embed the
phase space with a higher dimensidinconditions 6.4.1) and 6.4.2 are both satisfied then

those neighbors are true, vice versa. The optenabelding dimensions obtained when the
proportion of FNN becomes adequately small and remains from then on.

and+l,k - Ri,,k
erd,k ¢ R (5.4.1)
R”;;'k ¢ A, (5.4.2)
where
Ruk =20 - 2, (5.4.3)

wherez; , is thenearest neighbor of, ,. R, is the approximation of the attractor siZ,
and A, are usedefined threshold parametef, , is theEuclideandistance between poiit
and its nearesteighborwith n, embedding R, ., is the Euclidean distance between pdint
and its nearest neighbor witf) +1 embedding. Going fromm; to n, +1 embedding dimension
can be achieved by adding a nemibeddingo z, ,, i.e.

2

(5.4.4)

Rfdﬂ,k = Ri,k 'H Yewma Y -HJ
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where (Q} . is thepoint such thatz; | is thenearest neighbor of, ,*. As indicated above, if
the optimal embedding dimension is arrived, the distance betweerand its neighbor should

not change appreciablya @ p r e dsidefiheld ByGhe usatefined thresholR , . Furthermore,

in real life, the collected data contains a lot of noise signals which may affect the result [81].
Therefore, another criterion is in usecheTdistanceR, ., , with respect to the attractor size
should be less thamatheruserdefinedthreshold parameted,, . Thisis used to distinguish the

noises from the signal$34]. FNN algorithm can be summarized in the floadbelow.

Construct {, i
for all &

Calculate
R, dlkzand R ‘

Ngt1,k

Criterions
met?

Marked as FNN = 0 and
FNN unchanged?

Figure5.11 Flowchart of FNN

Takethe Lorenz systenn (5.3.]) as an examplagainto implement FNN algorithmEirst, we
collect the data from variabbe y, z. The corresponding Lorenz systensi®wn in Figures.12
Then we applyFNN algorithm for variablex with R, =10 and A, =2. These two thresholds
are chosen according [84]. The result is given in Figure.13 As can been seen from the plot,

the gtimal number of delaye@mbedding i2 and hence the embedding dimension is 3; the

current measurement is also needed to be included in the embeddedrepacé/e form the

1 Note that, even though FNN is proposed originally for scalar time series data, it can be easily applied to
multidimensional time series data as showfv8j.
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three time-delay embeddingcoordinates ofx as shown in Figure 5.14With these thee
embedding coordinated)e phasespace is reconstructed as shawrigure 5.151t is obvious
that the resulting phaspace is the diffeomorphism ofiginal Lorenz system in Figure 5.12
due to the same topologis we expectthe system dynamics i®constructed with a smaller
embedding dimension than tbheegiven by Takens theorg€7).

Figure5.12 Lorenz system

100 False nearest neighbour

80
60 -
40

20

0 & o o o o
1 2 3 4 5 6
Number of embeddings

~Ne
o

Figure5.13 FNN plot of Lorenz system

62



one delay

-10
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20 two delays |
10

0 : 500 . 1000 1500
time

Figure5.14 Time series data ofaxisfor number of zero, one and two lags.

Figure5.15 Reconstructed Lorenz system
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5.4.2 False nearest neighbor algoritm for input -output systems

As explained in Chapter 4 and Section & 20t of systemsespecially in the area of engineering
have control inputs in realitjyyte may have very limited access to the measurements of the
system statedue to the complexity ahe systemAs a result, the system becomes a blackbox
which only allows us to collect the data of input and output signals.

Carlet al[37] extended FNN to the singlaputsingleoutput (SISO) system by constructing the
embedding coordinate given I§aslagli [35]. Without a loss of generality, the algorithm for
SISO system can be extended to mmlpiut-multi-output (MIMO) system straightforwardly as

following.

Consider the system given in (5.2.fhe conditions §.4.1) to (5.4.2 of the original FNNare
then modified as¥.4.9 to (6.4.6 accordingly. Similarly, the optimal combination f and

n,, is reached when the percentage of FNN becomes sufficiently small.

Rfld+, - Rid,

A L R () (5.4.9

Ru,
R p (5.4.6)

RA

where
Ry, =H2Nd,k - %d,kHZ (5.4.9
2 — r 2
R = R (¥ 00y €Y 00y (5.4.8)
\ T

Zy, i = & Yioar -1 Vg, oUs Uzl o 8 (5.4.9

where ((')'IK,Nd is the point such that;_, is the nearest neighbor af, ,, n, andn,, are the

embedding dimensions of output and input respecti&lyilarly, this extended FNN can also

be summarized in this flowchart,



Construct {y, i for
all &

CalculateRy, x,

RNd+1,k

Criterions
met?

Marked as FNN =~ 0 and
FNN unchanged?

Figure5.16 Flowchart of FNN for inpubutput system

54.3Caad s meitAvermged false nearest neighbors

Thereis aprerequisite for the apphtion of both FNN and the extended FN& decision is

needed to be made for the valueshaf threshold constant§hese values determine the ratio of

the false neighbors. Subjective choice of the threshold parameters leads to different embedding
dimenson. Therefore, choosing the appropriate values is extremely important. The optimal
choice of the parameters will depend on thegetedsystems[82]. However, how can we
determine the parameters when the system dynamics is unkdomp@ified method refeed to

as averaged false nearest neighbors was introduced by Cao tohesprédblem[36]. Instead of
introducingthe threshold constants determine if the nearest neighbor of each point is true or

fal se, Caobds algorithm ctantgs bdtween tary endividbhabpoigte o f
and its nearest neighbor after increasing embedding dimension.

First, we consider the autonomous system with the reconstructed delay coozgipatethe

n, -dimensimal embedding space and define

I Note that, if the denominator is zero, we take the secormastazeighbor instead of it.
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a, = k 4,..,K R (5.4.10

whereR, , is defined in %.4.3. For fast computation purpose, , can be calculated as the

maximum norm rather than the Euclidean distance. Then we define a new quantify
E(n)=En 4)/Hn) (5.4.19
where E(n,) is the mean of alh_, defined by

K-ng

a a, . (5.4.12

E =
() = — n &

When n, reaches its optimalE,(n,) will stop changing. Similar to theecond criterion used

against the noise signals in FNN, Cao also introduced another quantity to differentiate the

deterministic signals from stochastic signals as
E,(n)=E(n 4)/E(n) (5.4.13)

where E'(n,) is the mean value of absolute change of distance betweenypgjntand y;, ..

(¢}, is the point suclhat z, « is the nearesteighbor ofz, ..

1 K
a ‘yk+nd 'Ykmd‘ (5-4-14

E =
()= &

Based on36], E,(n,) should be equal to 1 for any embedding dimension for stochastic data

beause the future dynamics of the system is independent of itsdastever, for deterministic

system, there exissomen,'s such thatE,(n,) is not equal to 1. Therefore, we can obtain the

optimal embedding diension as well as distinguish the deterministic signals from the noise by

computingE (n,) along with E,(n,). The following diagram provides the procedure for this

algorithm.
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Construct {,, , ;. for
allk

Calculate average

distance E(ng)

Change of average
distances E1 (ng)

E,(ng)
converges?

Figure5.17F 1 owchart of Caods met hod

Use the same Lorenz system in Section 5.3.1 as an exahmgleesults arshown in Figure

5.18 The E2 curve indicates that the tested data is not random (noise). E1 curve shoves that th
minimumnumber of élayed embedding is 2. Therefore, the dimension of the embedded space is
3. Remembethat we also need to include the most current measurement in the embedding

coordinate. This result is identical to the one provided in FNN.

Cao method

. ‘ ‘ ‘ : :
ik —e—E1] |
: --e-- E2

1k AR SR i ° ®

0.9 -

0.8'-
0.7 /

084

0.5

| | | | | | | | |
1 1.5 2 25 3 3.5 4 4.5 5 5.5 6
Number of embeddings

Figure5.18Embeddi ng di mensi on computed by C¢
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544Cacd s met h o doutpubgystems p ut

This average FNN algorithm can be also used as a diagnostic to identify the optimalieghbedd
dimension for SISO syste[88]. Here, theaverage FNN is extended to MIMO systdefined in
(5.2.1)withoutlossinggenerality.

Consider the inpubutput system defined in (5.2.1,(d) and E,(d) are modified as

E(N,) = E(N, 4)/ E(N)) (5.4.19
E,(N)=E(N, 4)/E(N) (5.4.16

where
E(N, ):K—lda a..  d=maxn, .n,) (5.4.17
E(N)-—au(y,u)wd (¥ Uy (5.4.19

v &

HZNd,k - %d,k

Ay k (5.4.19

where Ry, is defined in Section 8.2 in (6.4.7). Similar to (O (('I'JK+Nd is the pointsuchthat

zLdkisthenearestneighborzfqd’k.Again, this extended Cao00s

following diagram.
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Construct {y ,  for
all k |

Ng = (ngy,+1,ng,)

Calculate average
distance E(N,) Ng = (nay, nayt+1)

Change of average
distances E{ (Ny)

E;{(Ng)
converges?

Figure5.19F | owc h ar t thodfor i@patoudpat system

Chapter 6 Model Predictive Control

Usually, nonlinear system is difficult to contrétortunately, the proposed methodology in the
previous sections transform the original nonlinear system into linear system. This allows us to
design the control using the tradnal linear algorithms. There are a lot of control teghas we

can adopt. However, as stated in the Introduction segiimwer system control problems are

always imposed by different constraints [83], [84].

model predictive control (MPC) is applied to this work because it avoids solving the difficult
Hamilton differential equation of the systems with constraints. It aims to solve fawotiteol

input at every time step of the closkedp operationThis is a convex quadratiprogram(QP)
subject to the usatefinad constraints and cost functi¢®5]. In this study, the cost functiois
constructed as
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Np-l
mnd=d OF W %) FRy
k k=0
st z,,= Az +By, k 6..., N
y. =Cz (6.1.1)

% = 9(Z,)
luj¢h,k 0,..,N, 1

where Q and R are the real symmetric posifgmidefinite weighting matricedy, is the

constraint of inputz, denotes the most recent value fbe tembedding vectar . Since QP

problem can be transformed in a dense form the complexity of the problem is shown to be
independent of the size of lifting dimensi@8]. As a result, a fast computation can be achieved
by using QPsolvers for linear MPC problem. In this work, gpOASEB8] is utilized as the QP

solver. For morénformationof the Koopman operatdrased MPC read referendé$], [33].

The frequency and voltage controllers are constructed individually and thereforeost

functions with different variables are needed.

1 Frequency control

gy, = frequency

i 6.1.2

quk =[Fyiar D ( )
1 Voltage control

By = voltage

?yk ~ J (6.1.3)

Tuk - Qgrid

Finally, the proposed cdrol algorithm can be summarized in the following flowchart diagram.
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Collecting input- zie = 9(C)

output data pairs rg%nlleH —AZ, — BU||r ABC
Vi ) ' min|[yg — CZ|lr
Koopman
: = [¢., . (1)2, constant operator-based
AMI: © 9k = [Sks S (1) ] | MPC
Cao’s Embedding coordinates {;, =
algorithm: T T - T T
Up, ..., U
(ndyvndu) [ykl ’yk+‘t(ndy—1)' kre--» k+t(ndu—1)]

Figure6.1 Flowchart for the proposed control algorithm

Chapter 7 Case Studyand Discussion

In this chapter, two systems will be studied, i.e. Kwrwo area system and IEEE -B8s
system.To enlarge the stability region, many research has been doned84]Jn[this research
in order to train the controllers to work under larger stability regientarge numbers of
contingencies which containlifferent loadinggeneration conditions, different faults with

different fault impedances and locations and etc. will be applied randomly.

7.1 Kundur two-area system

The algorithmis firstly tested in the Kundur twarea systenwhich is a sample modeof
Matlab/Simulink.The system diagram is given below. Generator No.@sommissione@nd
replacedwith RESs which is representday negative constant loadflhe major generator
parameterdrainingparametersnd the weighting matrices of KMP&e given in Table-1. The

size of DClink capacitor can be found [18].
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Figure7.1 Kundur twearea system topology

Table7-1 Generator and training parametérs Kundur twearea system

Generator No.3 parameters

Normal power 900MVA

L-L RMS voltage 22kV

Nomi nal ospeed ¥ 120°

Rs+Xs 0.0025+0.25 pu

Inertia coefficient H 6.175s

Training parameters

Number of trajectories 5000

Sampling time 0.01s for frequency; 0.001s fi
voltage

Simulation window 5s for frequencyf.5s for voltage

Range of P [-0.1, 01]

Range of Q [-0.2, 0.2]

Range of dvdc [-0.1, 0.1]
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KMPC parameters?!

Q Q is chosen such that it only
minimizes the norm of the curren

frequency or voltage

R [1 0;0 1] for frequency case; 0.5

for voltage case

7.1.1 Time delay estimation for case dfequency control

As explained in section 4.1, the active power and the variation dfrfl@@oltage are the inputs

u while the frequency ithe outputy in the frequency control casghe first stepf desigring the
frequencyKMPC is to estimate the optirhdaime delay. Following the proceduref AMI
algorithmgiven insection 5.3 yields Figure 7.2s indicated in Figure 7.2, all the three variables
cannot reach the threshdlde Therefore, the first local minimums are chosen as the time delay
for the thre signals According to the AMI curves, the resultant time lags for frequency, real
power and deviation of D@nk voltageare 9, 5, 5 respectivelfaking average over the three

time lags yields =6.

I Rules for choosing Q & R: The parameters Q and R can be used as design parameters to penalize the state
variables and the control signals. The larger these values are, the more you penalize these signals. Basically,
choosinga large value for R means we try to stabilize the system with less (weighted) energy. Since there-is a trade
off between the two, Q is kept as | (qua@ntity matrix) and we only alter R. We can choose a large R, if there is a

limit on the control outpusignal, and choose a small R if having a large control signal is not a problem for your
system. There are some methods to calculate R such as Searching Techniques. The idea is to look for a value such
that it is suitable for most of the cases (likes esysparametric changes, different contingencies and so on.). | did

not apply this algorithm but | followed the same idea to find the value of R.
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Figure7.2 AMI of Kundur twoarea systernfrequency casstudy

7.1.2 Embedding dimension estimatioffior case of frequency control

Since the optimat is 6, 0.06s is adopted as the time lag for the frequencyotoRtillow the
steps of the r ene w-euwputGstendisectiornest4H4 welobthiroRiguré h3p u t
The line with white dots is the boundary where indicates the minimum embedding dimensions.
Here comes another question, which point laying erbtbundary should we pickhis is in fact
depending on different considerations. For instance, if the computation time is the most

important factoiin the studythen we pick the point that yields the smalsmof n,, andn,,.

From the point of this inpubutput system, the input and output are of the equal importance.
Therefore, the same embedding dimension is chosen for both input and output. The idea is to

pick the smallest one among all the combinatioihsn,, and n,, which has the same number of

embedding. As a resulty, = n,, =8 is chosen to be the minimum embedding dimensiong

the boundary line
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Cao's algorithm

Figure7.3 Embedding dimension for Kundur tvayea system frequency case study

7.1.3Frequency prediction

To test if the embedding parameters are correct, 200 random trajectories are sirihlated.

average root mean square error (RM8¥r hese 200 trajectories is

- 2
)Za [ s (KT) = X KT
RMSE=100 &-X 1=54Y%

\/a Xeoe (KTS)
k

with 4.0s prediction window. As can be seen frome example othe comparison between the

(7.1.1)

2
2

prediction and true measurement, the proposed algorithm can achieve a very precise prediction in

a relatively long prediction window with a large frequency deviation.

61 G3
Xpre
Xtrue
60.5 - 1
N L
T 60
>
e
o 59.5+
S
o
& 59r
58.5
58 1 1 1
0 1 2 3 4
time/s

Figure7.4 Frequency prediction of generatous3
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7.1.4Frequency controller performance

The performance of theroposed Koopman oporbased MPGs tested in the threghaseto-

ground fault at bus No.8 at 1s. This fault resulting tripping one of the double line connecting area
1 and 2, it is then reclosed at 6s. The system without KMPC is the original system with generator
No.3 replaed by constant negative load while the system with KMPC is the system with
generator No.3 replaced by the constant negative load and the proposed DSMS. It can be
observed from the transient dynamics tinat system with KMPC efficiently damps most of the

oscillation while the system without KMPC has much higher magnitude of swings.

60.6

with KMPC
without KMPC

60.4

Z
o
e
N

60

frequency/H

59.6

59.4

time/s

Figure7.5 Frequency transient responses

Pe/pu
dVvdc/pu

time/s

Figure7.6 Input signals computedylirequencyKMPC
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It is worth noting that there are three types of simulatmdein Simulink continuous mode,
discrete mode, and phasor modeéne phasor mode uses simplified models allowing fast
simulationfor very largescale power grids. On the otheartu, the continuous/discrete modes
use detailed models based on differential equation solvers to evaluate system tiaasjate.
the speed advantage, the phasor mode presents limitation in terms of obtaining the local bus
frequency because the phdseked loop (PLL) block, given in Simscapdibrary and run in
continuous/discrete mode, cannot be implemented in the phasor Arod&gorithm referred to

as Frequency Divider (FD) is adoptasl an alternativan phasor mode simulatici estimate the
local bus frequencyased on the system topology and generator rotor sf@@d3 he previous
frequency controller is built upon FD algorithiisigure 7.7compareghe frequency responses
measured by FD and PLL with lepass filter while Figure 7.8 shows the toh signals
computed by KMPC with frequency measuredRiyL. As shown in Figure 7.7, the frequency
given by PLL las very notable numerical issue, showlage spikes even with the help of low
pass filter By comparingFigure 76 and Figure/ .8, we can fid that the control signals given by
KMPC haveslightly different response when the numerical spikes appeHowever, we can
infer from thesefigures that KMPC can work with either frequency estimation technigoder
either simulation modé herefore, irthe following study, the system model will be developed in

phasor mode and the frequency will be estimated by FD algorithm.

B g e e e

P 8Py St Far Fara Facat maEE

frequency/Hz
[=2]
o
N

60

time/s

Figure7.7 Frequency responses in the case of FD and PLL

1 Phasor measurement unit (PMU) is used to measure frequency in power utilizes [86], [87] which can be found in

the newer version @@imulink.

77



0.1 ‘ 1 0.015
—Pelpu

——dVdc/pu

10.01

0.05 -
-10.005

time/s

Figure7.8 Control signals computed by KMPC with frequency measured by PLL

7.1.5Time delay estimation for voltage control

The terminal bus voltage is regulated via the reactive power of DSMS. Therefore, the i;put
the reactie power and outputis local bus voltage. As shown in Table 7.1, the sampling time of
voltage control case is 0.001. After applying Atié mutual information of voltage and reactive

power versa time lag is given in the following figure.

2.5

AmI,,
AMmI,
tao=3 = |----- threshold

Mutual Information

0 5 10 15 20 25 30
Time lag

Figure7.9 AMI of Kundur two-area system voltage case study

Unlike the frequency control case, the AMI of reactive power and voltage drop below the
thresholdl/e As a result, the time lags for V and Q are 2 and 4 raspgctvhich leads to the
average AMI of 3.
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7.1.6 Embedding dimension for case of voltage control

The resultant =3 leads to 0.003 time lag for the voltage conttbs i ng t hi s t i me
method, the embedding dimensionsvoftage and reactive power are given in thB Surface
below. Similar to the strategy used in frequency control case, the same embedding dimension of

Q and V areadopted. The smallest number afLall the combinations which have the same

number ofn,, and n,,is chosen to be the minimum embedding dimension.

Cao's algorithm

Figure7.10 Embedding dimension for Kundur twarea system voltage case study

7.1.7 Voltage prediction

A shorter voltage prediction window (0.3s) is utilized because the voltage reacts much faster
than grid frequency. In addition, the main purpose of the voltage controller is to improve the
voltage performance during faults such \adtage sag problem causéxy short circuit. To

showcase the predictor performance, an example is also giteguire 7.9

G3
1.1 . ‘ : . :
A |
1.05 {(\]\ | / \ \ \ | ‘ 1
> \ | | 1A | / | i
s v YA
g o WA,
2 \\
>
0.95 |
0.9 . . . . ‘
0 0.05 0.1 0.15 0.2 0.25 0.3

time/s

Figure7.11 Voltage prediction of generator b8s
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Based on the figure, we can find that the predicted geltgenerally follows the trace of the true
voltage measurement. However, due to the sensitivity and the fast dynamics of voltage, the
prediction error RMSE which is 88 over 200 random trajectories is a bit bigger than the
frequency case. But this erras still a satisfactory result and it is sufficiently small for the

purpose of control. This will be shown in next section.

7.1.8 Voltage controller performance

Under the same eveand same system settingsthe frequency casepparently, the system

with voltageKMPC has less oscillation. In order to show more details during voltage dip, an
enlarged plot is also given. As expected, with KMPC, the voltage dip during fault is reduced by
0.3 pu.

1.2 - -

—— with KMPC
11 without KMPC ||

1
09 i
5081 .
&
>0t -
0.6 i
0.5+ B
04 -
0.3 | 1 | | | 1 | | 1
0 1 2 3 4 5 6 7 8 9 10
timels
Figure7.12 Voltage performance
T T T T T T
15+ with KMPC -

without KMPC

il

0.99 1 1.01 1.02 1.03 1.04 1.05
time/s

Vipu

0.5+

Figure7.13 Voltage performance during fault
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Figure7.14 Input signals computed by voltag@@MPC

7.1.9 Critical clearing time study

Now, let us integrate the freqgucyKMPC and voltageKkMPC (FV-KMPC). To showcase the
beauty of F¥YKMPC, severe contingencies are applied to the system. A-pimaseto-ground

fault is occurred at bus No0.9. As a result, the original system without replacingenerator
displays 0.31 critical clearing time (CCT) under this event. At the same time, the system with
FV-KMPC shows a higher CCT 0.3@sgure 7.13 to 7.1@rovide the transient performances of
rotor angles and rotor angular speed of thekBWPC system and the original Kundur twarea

system. FVKMPC system regain steadyate in about 6s while the original system diverges in

1.5s.

dtheta/degree

theta1

theta4d

0 2 4 6 8 10
time/s

Figure7.15Rotor angles of generator 1 & 4 w.r.t. generator 2 ofkBIPC system

1 Note that generator 3 is replaced with negative constant load and DSMS so its rotor angle and speed are not

presented.
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Figure7.16 Rotor speeds of generator 1 & 4 of IRWIPC system
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Figure7.17 Rotor angles of generator 1, 3 & 4 w.r.t. generator @iginal system
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Figure7.18 Rotor speeds of generator4lef original system
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7.1.10 Robustness study

To test the robustness of the proposed controller, several modifications of the system topologies
have been appliedhe first modification idoad at bus 7 which is changed to 75% of its original
value. The controller efficiently dampthe oscillation and thereby improve the transient
performanceafter the same thrgehase bus fault studied in section 7.1.4. The second
modification is that the generation of generator No.7 is reduced to 70% of its original. Again, the
controller damps most of the oscillations. At last, different line impedances of the double lines
are applied t oustsessuAs yndickidtiFrQides-igured/d7 to 7.1.9KMPC is
alwaysable to do their jobsven the system topology encounters critical chathe change of

transmission line connecting area 1 and 2)

H 0,
Bus 3 Frequency with 75% Load7 Bus 3 voltage with 75% Load7

e ——

-
N

o
) -
|

frequency/Hz
g
[}

Voltage/pu

I
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T

o
©
o
o
N

5 10 15
timel/s timels

o

(3]
=
o
-
(2]
o

Figure7.19 Frequencyand vdtageresponsgof generator 3vith 75% load at bus 7
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Figure7.20 Frequencyand voltageesponsgof generator 3 with 70% generatiohgenerator 1
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Figure7.21 Frequencyand voltageesponsesf generator 3vith different doubldine

impedances

7.2 IEEE 39bus system

Now, let us study a bigger system with more complicated network. The systemisnodid in
Matlab/Simulinkwhich can be foundn [89]. The sysem topology is shown in Figure 7.2Bee
[18] for the size of the Ddink capacitor. Generator No.10 is replaced by RESs (negative
constant load) and the proposed system DS$Iilar to the Kundur twarea case study, the

data is collected from d#fent contingencies. The main generator parametessing

parameterand the weighting matrices of KMP&e given in Table-2.

o |
1 © 30] 37 f il
I = —_ 75 26 28 29
2 v - 27 I
1 T ,
4 3 18 71 17 ©
39 I I 16 21 _
15— l I
4 ©
IT 4 14— l 24 —1 36
" 13 23
CToTT e T
L » 11, I—ZO 22
8 Tv 31 é 32 0 34133 —-35
I &) &'&” &

Figure7.22 IEEE 39bus system topology
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Table7-2 Generator and training parameters of IEEEb88 system

Generator No.10 parameters

Normal power 1000MVA

L-L RMS voltage 20kV
Nomi nal ospeed ¥ 120°
Rs+jXs 0.0014+j0.31 pu
Inertia coefficient H 4.2s

Training parameters

Number of trajectories 10000

Sampling time 0.01s for frequency; 0.001s f
voltage

Simulation window 5s for frequency; 0.5s fc
voltage

Range of P [-0.5, 0.5]

Range of Q [-0.5, 0.5]

Range of dvdc [-0.2, 0.2]

KMPC parameters

Q Q is chosen such thatanly
minimizes the norm of the curren

frequency or voltage

R [0.02 0;0 0.02] for frequency cast
0.5 for voltage case
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7.2.1 Time delay estimation for case of frequency control

Repeat the process | section 7.1, we first calculate timeTtegyresult isgiven in Figure 7.21
According to the curves, AMI of the three variables cannot reach the threshold line and thereby
the first local minimum is utilized. AM| AMI,, AMIvqgc are 11, 5, 5 respectively resulting in the

average time lag =7.

T T T
2 AMIF
----- AmI,
AMI,
- tao=7 Vdc
_g wsELN threshold
©
£
P
o
E
=17
©
2
E]
=
0.5
0 1 1 1 1 1
0 5 10 15 20 25 30
Time lag

Figure7.23 AMI of IEEE 39-bus system frequency case study

7.2.2 Embedding dimension estimation for case of frequency control

Adopt ¢ =7to the embedding vector and applythedii ed Caods met hod yield

1 Cao's algorithm

X:. 18
Y:18
Z.0.9833

Figure7.24 Embedding dimension for IEEE 3d8us system frequency case study
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Follow the same rule in the previous case study, the minimum embedding dimension is

Ny =Ny, 8. This embedding dimension is larger than the one obtained in the Kundardao

system. That is because the IEEER& system has more equipment than the Kundur system
and thereby IEEE 3Bus system has more states than the Kursystem However, the
embedding dimension may not simphgrease proportionally with the size of the system states.
When we train the system, different contingencies and different levels of control inputs are
applied. The effected states are unknowresitnose events occur randomly. If those events we

use to train the controller are closed to the replaced generator, the states locate in other parts of
the system may not be energized meaning that those states are not participating in the studied

system gnamics.

7.2.3 Frequency prediction

The Koopman predictor is once again tested over 200 random trajectories from different events.

The average RMSE is 1.7% witls grediction window. One prediction example is shown in the

figure below.
G10
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Figure7.25 Frequency prediction of generator bus 10

7.2.4 Frequency controller performance

The performance of the proposed Koopman opetzsed MPC is tested in the thgeaseto-
ground fault at bus No.25 at 1s rdsg tripping line connecting between bus 25 and 26 after
three cycles. The system without KMPC is the original system with generator No.10 replaced by

constant negative load while the system with KMPC is the system with generator No.10 replaced
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by the costant negative load and the proposed DSMS. KMPC system efficiently damps most of

the oscillation while the system without KMPC has much bigger swings.

G10
60.2 . . . y

= with KMPC
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Figure7.26 Frequency transient responses
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Figure7.27 Input signals computed by frequerivIPC

7.2.5 Time delay estimation for voltage control

The result of the time lag of the voltage controt s 4 with 0.001 sampling time. Therefore,

the time delay is 0.004s.
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Figure7.28 AMI of IEEE 39-bus system voltage case study

7.2.6 Embedding dimension for case of voltage control

The modified Caoo0s met-bplawhckinieatesnf ®©ng, #Ohe f ol

Cao's algorithm

ndu

Figure7.29 Embedding dimension for IEEE 38us system voltage case study

7.2.7 Voltage prediction

A 0.3s prediction window is applied for voltage prediction. The awerRy§SE over 200

trajectories is 9%.
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Figure7.30 Voltage prediction of generator bli®

7.2.8 Voltage controller performance
To study voltaglKMPC, the samefault and same system settings the frequacy caseis
applied.Once againwith KMPC, the voltagesagduring fault is reduced by 26 pu as expected
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Figure7.31Voltage performance
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Figure7.32 Voltage performance during fault
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Figure7.33 Input signals computed by voltag@MPC

7.2.9 Critical clearing time study

Now, let usalso applyFV-KMPC to the system witlsevere contingencied. threephase fallis
occurred at bus 25. The original system has 0.20s CCT whilst tHeMRC system can return
to the steadygtate after 0.24s. So the CCT is increased by approximately 2 cycles.

KMPC d w.r.t G1
60 . theta

—_—

theta2

—
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Figure7.34 Rotor angles fogenerato? ~9 w.r.t. generator &f FV-KMPC system
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! Note that generator 3 is replaced with negative constant load and DSMS so its rotor angle andespeed a

presented.
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Figure7.35 Rotor speeds of generator-9 of FV-KMPC system
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Figure7.36 Rotor angles of generat@r~ 10w.r.t. generatol of original system
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Figure7.37 Rotor speeds of generatbr 100f original system
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7.2.10 Robustness study

To study t hobustonesshirdtly, wd piclethesfiGt two large loads which are at bus

39 (over 1000MW) and bus 20 (over 600MW) respectively. In the first daségdd at bus 39 is
reduced to 50%The second case is the load at bus 20 is double on the top of the load
modification of bus 39. In order to study thebustness against transmission line changes, we
first neeidmp orlifeaohiie &ystdmeAcaording to the load flow study, modifying

the line impedance between bus 21 and 22 results in 60% change of load flow which is the
largest change amortge nontransformer brancheso in the third case study, atifhe line
impedance of the original one is applied on the top of the previous two ch@hge®sults of

these three studies are given in Figure 7.36 to 7.38e controllers performperfectly

against those topology changes.
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Figure7.38 Frequencyand voltageesponsgof generator 1@vith V-
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Figure7.39 Frequencyand voltageesponsgof generator 10 with 50% load at bus 39 & 200%
load at bus 20
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Figure7.40 Frequencyand voltageesponsgof generator 10 with 50% load at bus 39 & 200%
load at bus 20 &00% line impedance

7.3 Multi-machinesystem

So far we have studies the system with one generator replaced by DSMS. What if there are two
DSMS located in different areas? Will they fight with each other during frequency transient?
Kundur twoarea system is a perfect system for this purposstunfy. Generator 1 and 3 are

replaced by DSMS and RESs.

7.3.1 System with KMPC v.s. system without KMPC
The line connecting bus 7 and 9 is open at 1s andsextlat 5s. According to Figure 7,408e

system with KMPC apparently damp the frequency osicliaand return to steaebstate at 7s.
Meanwhile, the system without KMPi@&s more than 5 times magnitude of oscillation and it still
oscillates at 15s. In terms of voltage, the system with KMPC quickly resumes-statalwhile

the system without KMPC Basignificant oscillations.
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Figure7.41 Kundur twearea system with two generator replaced

94



60.5

frequency/Hz
:

H G1 with KMPC

58.5 - i3 G3 with KMPC i
-------- G1 without KMPC
-------- G3 without KMPC

58

time/s

Figure7.42 Frequency responses of muttachine case

Figure 7.43 Voltage responses of muttiachine case

7.3.2 System with KMPC v.s. original system

To further showcase the advantages of the proposed KMPC, the same scenario given in section
7.1.9 is applied. Againthe original system has 0.31 CCT. However, the CCT is increased to
0.48sin the system with two KMPC as can be seen from the following figures. With 0.48
clearing time, the original system diverges faster (at 2.3s) than the CCT study of single KMPC in
sedion 7.1.9.
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