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ENGLISH SUMMARY

Moving towards a carbon-neutral society, traditional power systems are going through
a shift with the wide integration of renewable energy resources, which require power-
electronics-based systems as an alternative to synchronous generator systems.
However, the interaction between the grid and the internal control systems of power
electronics converters may result in the instability of the grid-converter system, which
will threaten the security of grid operation and limit the further integration of
renewables.

To address the grid-converter stability issue caused by grid-converter interaction in
power converter dominated power systems, the small-signal stability analysis method
that uses interface impedances is widely adopted. However, there are several issues
that may undermine the performance of impedance-based stability estimation method
in industrial applications. First, although the impedance modeling method is mature
nowadays, some nonlinear blocks (e.g. dead-time, dc-link control loop, etc.) in the
power-electronics converter are ignored, which decrease the accuracy of the
impedance modeling methods and stability estimation results. Second, due to the
nonlinearities in the power-electronics converter, the impedance model varies with
the operating point. Thus, the impedance model obtained in a stiff operating point
cannot be used for stability estimation considering the uncertainties of renewables.
Moreover, many vendors are unwilling to share details of their products, making it
difficult to get the full information required for impedance modeling. Therefore, to
accurately estimate the stability of gird-converter system, it is significant to reveal the
effect of the nonlinear block on the impedance model of power-electronics converters
and to obtain the accurate impedance model in global operating point’s vision without
access to the detailed information of the inner control systems of converters.

To address the issues mentioned above, this Ph.D. project focuses on the converter
system modeling and stability estimation and develops a series of artificial
intelligence-based impedance identification methods and “black-box” stability
estimation approach. The thesis consists of four research topics. First, an analytical
impedance model of single-phase voltage source converter (VSC) is derived, where
the dead-time effect is considered in this model with the double input describing
function (DIDF) method. It is revealed that the impedance model is highly dependent
on the operating point. Second, an artificial intelligence helped ‘black-box’
impedance identification method is developed for the impedance modeling that can
cover multiple operating points. Third, to reduce the data amount requirement, a
physical informed impedance identification method is developed. A combination of
physics and artificial neural network (ANN) techniques is used to improve the
accuracy of the impedance model with limited data. At last, an ANN-based stability
estimation is developed to give a guideline on how to use the ANN-based model to
achieve stability estimation.
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The outcome of this thesis is expected to give a guideline of Al-based stability
estimation of electrical power systems with large-scale integration of renewables,
which will add significant value to the industrial applications and sustainable society.



DANSK RESUME

P& vej mod det kulstofneutrale samfund gennemgar traditionelle kraftsystemer et skift
med den brede integration af vedvarende energikilder, som kraever de
kraftelektronikbaserede systemer som et alternativ til synkrone generatorsystemer.
Imidlertid kan interaktionen mellem nettet og de interne kontrolsystemer til
kraftelektronikomformere resultere i ustabilitet af net-konverteringssystem, hvilket
vil true sikkerheden ved netdrift og begraense den yderligere integration af vedvarende
energi.

For at estimere gitterkonverterens  stabilitetsproblem  forarsaget  af
gitterkonverterinteraktion i strgmomformerdominerede elsystemer er den lille
signalanalyse, der bruger interfaceimpedanser, bredt vedtaget. Imidlertid
underminerer flere problemer udfgrelsen af impedansbaseret stabilitetsestimering i
industrielle applikationer. For det farste, selvom impedansmodelleringsmetoden er
moden i dag, betragtes nogle ikke-linezre blokke (f.eks. Dgdtid, dc-link kontrolslgjfe
osv.) | effektelektronikomformeren stadig ikke, hvilket faktisk vil pavirke
ngjagtigheden af impedansmodellen og stabilitetsestimering. For det andet, pa grund
af ikke-lineariteterne i effektelektronikomformeren, varierer impedansen med
driftspunktet, og impedansmodellen opnaet i stive driftspunkter kan séledes ikke
bruges i stabilitetsestimering i betragtning af usikkerheden ved vedvarende energi.
Desuden er mange leverandgrer uvillige til at dele detaljer om deres produkter, hvilket
ger det vanskeligt at fa den fulde information, der kreeves i impedansmodellering, sa
hvordan man aktiverer en 'sort boks' impedansmodellering og stabilitetsestimering er
et ngglepunkt i industrielle applikationer. For at give et ngjagtigt sken over stabiliteten
til gordskonverteren er det vigtigt at afslgre effekten af den ikke-linezere blok i
effektelektronikomformermodelleringen og opna den ngjagtige impedansmodel i det
globale driftspunktets vision uden adgang til de detaljerede oplysninger om den indre
kontrolslgjfe af omformere.

For at tackle ovennzvnte spgrgsmél, har denne Ph.D. Projektet fokuserer pa
konvertersystemmodellering og stabilitetsestimering og udvikler en serie af metoden
til kunstig intelligensbaseret impedansidentifikation og blackbox-stabilitetsestimering
af gitterkonverteringssystemet. Specialet bestar af fire forskningsemner. For det farste
afledes en analytisk impedansmodel af enfaset spandingskildeinverter, hvor
dedtidseffekten betragtes i denne model med den dobbelte indgang, der beskriver
funktionsmetoden. Den genererede impedansmodel afslgrer, at impedansmodellen er
meget afhaengig af driftspunktet. For det andet er der udviklet en kunstig intelligens
til 'black-box’ impedansidentifikationsmetode til impedansmodellering, der kan
dekke flere driftspunkter. Et kunstigt neuralt netvaerk (ANN) -baseret multi-
operations-impedansmodel oprettes ved hjzelp af de malte data. For det tredje udvikles
en  overforselsindleringshbaseret  identifikationsmetode  til at  reducere
datamangdekravet. En kombination af fysik og ANN-teknik bruges til at forbedre
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ngjagtigheden af impedansmodellen med begranset datamangde. Endelig udvikles et
ANN-baseret stabilitetsestimat for at give en retningslinje for, hvordan man bruger
den ANN-baserede model til at opna stabilitetsestimering.

Resultatet af denne afhandling forventes at give en retningslinje for Al-baseret
stabilitetsestimering af elektriske elsystemer med storskalig integration af vedvarende
energi, hvilket vil tilfgje betydelig veerdi til de industrielle applikationer og et
beeredygtigt samfund.



ACKNOWLEDGEMENTS

I am very happy to express my sincere gratitude to the all the people during the Ph.D.
journey.

I would like to express gratitude to my supervisor, Prof. Xiongfei Wang. | really
benefit a lot from his insightful guidance. |1 am also very grateful for the opportunity
he gave me to cooperate with experts in other domains. | feel happy and honored that
the outcome of this PhD project could add value to the practice, but I know it would
not be possible without his support.

I would like to express my thanks to my assistant supervisor: Prof. Mads Grasbgll
Christensen. Although we come from different research domains, | am really inspired
by the discussion with him. I also would like to express my thanks to my assistant
supervisor: Prof. Dongsheng Yang. | feel so lucky to be able to work with him during
my first year of Ph.D. studies. Apart from the knowledge and methodology learnt from
him, 1 am very grateful for his encouragement and support during my hard times.

Thanks and appreciation are given to Prof. Qianwen Xu and Mr. Tin Rabuzin, for the
fruitful discussion during my study abroad in KTH Royal Institute of Technology. It
is really inspiring to learn the challenges in the power system, especially the control
and optimization of microgrids. It provides different aspects to think about how the
power electronics should be. In addition, it is interesting and useful to learn how to
use the Opal-RT platform.

I must express my thanks to all members in the egrid research group, especially
to Donghua, Dapeng, Zheming, Heng, Yicheng and Hong, for the extensive
discussion and collaboration in the research project. 1 would like to thank all my
colleagues and staff at Aalborg University, for their kind support during my PhD
studies. Special thanks to Prof. Yonghao Gui, for his warm help during my first
period of my PhD journey.

Last 1 would like to express my deepest gratitude to my family and girlfriend for
their never-ending support and understanding. They always encourage me to
pursue my own dream. This Ph.D. project is supported by the Department of
Energy  Technique. I would like to express my  grateful
acknowledgement to the financial support.

Mengfan Zhang
Aalborg University, May, 2021



ARTIFICIAL INTELLIGENCE ENABLED IMPEDANCE IDENTIFICATION AND STABILITY ESTIMATION OF GRID-
CONVERTER SYSTEM

TABLE OF CONTENTS

Chapter 1. INtrodUCTION.........ccooiiiiiiieeie e 13
1.1. Background and Challenges............couiiieiiiniiiiniescseecseese s 13
1.2. Objectives and MOtIVALION..........ccecvieeiie s 15

1.2.1. State-0Ff-art ..o 15
1.2.2. OBJECHIVES. ....cuiieiiiieiirtee et 17
1.3. Major CoNtribULIONS ......c.voiiieiiiie e 17
1.4, TRESIS JAYOUL .....vieiiiitiecec s 18
1.5, List Of PUBIICAtIONS .....oveviieiiiiciccc s 19

Chapter 2. Analytical modeling of VSC considering dead-time effect............... 21
2.1, BACKGIOUNG ..ottt 21
2.2. Dual input describing function DasiCS ...........ccoeiririiniiiirec e 21
2.3. Dead-time modeling by DIDF...........cccoiiiiiiiiee s 23
2.4, CASE STUAY ...ttt 27
2.5, SUMIMATY ..ottt bbbt nr bbbt bt nnenas 30

Chapter 3. Data-driven modeling of VSC........ccccoiiiiiiiiiiies s 31
3.1 BACKGIOUNG .....ocveieieeieice ettt nee s 31
3.2. Framework of proposed Method ...........cccoiiiiiiiniiiciee e 31
3.3. Impedance MEASUIEMENT ..........cciriiieie et re st nee s 32
3.4, ANN mModel generation ............ccuereiiiieieieices e 33

3.4.1. Model INItIalZALION .......coeiiiiceie e 33
3.4.2. ANN TIaINING ..ottt re s 34
3.5, CASE SEUAY ..ottt et e 35
3.6, SUMMAIY .ottt ss e sr ettt nre s 40

Chapter 4. Transfer learning based modeling of VSC..........cccocevvveviveiccecne, 41
4.1, BACKGIOUND ......oiviiiiiitiieecte s 41
4.2. Grid-connected VSC system modeling .........ccovvvvernirinninenscseesenes 42
4.3. Proposed impedance 1dentification .........c.ccocovvininiininniee e 45
4.4. Implementation of proposed Method............ccooeiviiininnnee 46

4.4.1. Dg-impedance MEASUIEMENT .........coeivirerieiirerieiesie e 46



4.4.2. ANN IeSITUCTUTALION......viiiieeiie s cteee ettt e et e e s s aae e e s sabae e 47

T O I (1 | SO UORO 50
4.5.1. Transfer learning based impedance identification.............ccceevervrenne 51
4.5.2. Comparison with the conventional ANN method ..........cccceevevveiienienne, 58

B0, SUMIMATY ..ottt bbbttt nr e n et r et nnenes 58

Chapter 5. DNN based stability estimation...........cccccoveveviiiieiinniesiene e 59

5.1, BACKGIOUN ......cviitiiciiite ettt sne e 59

5.2. Framework of black-box DNN-based stability analysis of grid-converter

V1 (=] 1 TR TP P PP UPRTRTUTRTUPPPPTPRN 60
5.2.1. SyStem deSCIIPLION ..cvviveiereecieie e e 60
5.2.2. Framework deSCription..........cccoevereiieniesesieeeseese e 60

5.3. Proposed DNN based MOP-impedance model ..........cccoevvveneienineineneens 62
5.3.1. MOP-impedance MeasUremMeNt ..........cccuoereererieenenieesienese e 62
5.3.2. MOP-impedance model training ..........ccoceoeerennieneneenenee e 62

5.4. DNN-based Stability Discrimination Model.............ccccoeiiiniiinciiines 63
5.4.1. Stability condition data generation...........cccceeeveievesinsiesiesiecseere e 64
5.4.2. DNN-based Stability discrimination model training.........c..ccccevvevvenne. 64

5.5, CASE STUAIES .. vvveiererieeee ettt sttt sre e e e e 66
5.5.1. MOP-Iimpedance MOEL...........cooeirerrienenee e 67
5.5.2. DNN-based Stability discrimination model .............ccccccorviiiniiiinenns 70
5.5.3. Stability region estimation and accuracy analysis...........c.ccoceeeevenennenn 74

5.6, SUMMAIY .ottt bbbttt et b e bbbt ebeebe et e b nne s 75

Chapter 6. CONCIUSION .......covciiiiiiic e 76
(ST I 0o o o] 1] o] o USRS 76
6.2. Future work and improVeMENT .........ccccereiiereiene et 76

BiblIOGraphy ..o e 79



ARTIFICIAL INTELLIGENCE ENABLED IMPEDANCE IDENTIFICATION AND STABILITY ESTIMATION OF GRID-
CONVERTER SYSTEM

TABLE OF FIGURES

Figure 1-1. Global share of renewable sources in 2020. ...........ccccevevvevveveernennn. 13
Figure 1-2. Trends of electricity production by source between 1985 and 2020.
......................................................................................................................... 14
Figure 1-3. Thesis frameWOork. .......cccceveiieieienniie e 19
Figure 2-1. Diagram of single phase VSC. ..o 23
Figure 2-2. Output current considering current ripple..........ccooevvniinienennn 23
Figure 2-3. Dead time effect with different inductor current. ..........cccocevenee. 25
Figure 2-4. System diagram of open-100p VSC. ..o, 28
Figure 2-5. Simulation comparison between measured impedance data and
PropoSed MOEL ......ccviviieiece e e 29
Figure 2-6. Diagram of the experiment of impedance measurement. .............. 29
Figure 2-7. Experimental comparison between measured impedance data and
PropOSEd MOGEL ....cviiieicieiie e bbb 30
Figure 3-1 Proposed ANN-based impedance identification framework. ......... 32
Figure 3-2. Diagram of ANN StrUCTUFE. ........ccooiiriiiiieee e 34
Figure 3-3. Admittance measurement diagram. ..........cccceeeverereninenieie e, 35
Figure 3-4. Measured admittance dataset of VSC.........cccocvcviiivivnieciiciesenn, 37
Figure 3-5. Generated MOP-admittance model. ........ccccoceveiiieiicieccicvecee, 38
Figure 3-6. Errors of the generated MOP-admittance model. ...........ccccconenee. 39
Figure 4-1. Diagram of grid-connected VSC SYStem. .........ccocevevvrenenneniennns 42
Figure 4-2. Control diagram of the grid-connected VSC. .........ccccooevirinenennn 42
Figure 4-3. Small-signal transfer matrices diagram of the grid-connected VSC.
......................................................................................................................... 44
Figure 4-4. Framework of the proposed method. ..........c.ccccocviiieiiciecviccecee, 46
Figure 4-5. Dg-impedance measurement diagram. ..........cccoceevvvenvnieerieresnennn, 46
Figure 4-6. ANN Structure diagram. .........cccvereinenerinenecse e 50
Figure 4-7. Measured admittance dataset of source VSC. ........cccooveriienennn 52
Figure 4-8. Generated MOP-admittance model of source VSC..........ccccoouenee. 53
Figure 4-9. Measured admittance dataset of target VSC.........ccocevvviviiiienennn. 54
Figure 4-10. Generated MOP-admittance model of source VSC........c..cc....... 55

10



Figure 4-11. Errors between generated admittance model and measured data

using proposed MEthOd. ..........cociiiiiiiiie e 56
Figure 4-12. Errors between generated admittance model and measured data
using conventional ANN mMethod. ... 57
Figure 5-1. Diagram of the renewables integrated grid-connected VSC system.
......................................................................................................................... 60
Figure 5-2. Proposed framework of the double DNN based stability analysis of
grid-converter interaction SYStEM. ........cccvveiieiisie e 61
Figure 5-3. DNN structure of MOP-impedance model. ..........ccccccoovverivenennn 62
Figure 5-4. Equivalent circuit of interaction System. ...........cccoeerneinienennnn 64
Figure 5-5. DNN structure of stability discrimination model. ................c........ 65
Figure 5-6. Grid-connected VSC diagram. ........ccccooueerieienencneneneeeeee e 68
Figure 5-7. Dataset StTUCLUIE. ........ccvcveieiee s e 68
Figure 5-8. Output impedance dataset of VSC........cccoevvvvviiiniieneseeececen, 69
Figure 5-9. Generated MOP- impedance model of VSC.........ccccovviivienennn 70
Figure 5-10. EXPeriment SETUP. ......ooveiririeireieisies e 72

Figure 5-11. Experimental results of grid-connected VSC system at different
operating points. (a) Case I: operating point a, (b) Case II: operating point b, (c)
Case I1: operating point c, (d) Case IV: operating point d. ..........cc.ceeeenennn 73

Figure 5-12. Stability region of the power-electronics-based power system. .. 74
Figure 5-13. Confusion matrix of the stability estimation model..................... 75

11



ARTIFICIAL INTELLIGENCE ENABLED IMPEDANCE IDENTIFICATION AND STABILITY ESTIMATION OF GRID-
CONVERTER SYSTEM

TABLE OF TABLES

Table 2-1 Parameters of Simulation SEtuP........cccccevevie e 28
Table 3-1 VSC PArameterS. ......covevierieiiierieesiesieeste ettt seeseste e e ssesessesseseesens 36
Table 4-1. VSC ParameLerS. .....couevierieeierieesie ettt sttt sbe e sne s 51
Table 5-1. VSC ParametersS. ......c.cceiereieiieeeeeiesesiesesseseeeeseeseessesenssessesnseseeseesees 67
Table 5-2. Training Dataset Parameters. ........cccooeveririeiinieeiee e 67
Table 5-3. Stability Prediction at Different Operating POiNnts. .........c.ccccocveiviiinenne 74

12



CHAPTER 1. INTRODUCTION

1.1. BACKGROUND AND CHALLENGES

Moving towards the carbon-neutral society, there are global trends of traditional
power systems transformations with the wide integration of renewables [1], [2]. As
shown in Figure 1-1, most countries have integrated renewable sources as the primary
energy in 2020. Figure 1-2 shows the trends of the global share of low-carbon sources
in world electricity generation between 1985 and 2020. Between 1985 and 2020, the
share of renewable sources has increased from 21 % to 29 %. The trends illustrate that
the installation capacity of renewables will increase in the future.

Share of renewable sources

Nodata 0% 5% 10% 20% 30% 50% 85%

Figure 1-1. Global share of renewable sources in 2020.
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Figure 1-2. Trends of electricity production by source between 1985 and 2020.

Power-electronics converters, which serve as the connection between the grid and the
renewables, gradually replace the synchronous generators as the major sources of the
power system. As the trend continues, conventional synchronous generators
dominated power systems are evaluating to the next-generation power systems, which
are known as power electronics dominated power systems in the future. The power
electronics dominated power system enables the high penetration of renewables and
fully controllable power converters, which makes the grid more sustainable and
flexible.

However, different from synchronous generators, high-dynamic power converters
cannot provide enough inertia to keep the system stable [3], [4]. The interaction
between the grid and the internal control systems of power electronics converters may
result in the instability of grid-converter systems, which will threaten the security of
grid operation and limit the further integration of renewables. In addition, renewable
energy sources are highly weather-dependent and intermittent, which introduce the
uncertainties of generated power. Thus, the stability of the power electronics
dominated power system cannot be predicted using the traditional power system
stability analysis method, where only the fixed operating points are considered.
Hence, it is necessary to deliver an advanced modeling method, which can fill the
research gap of existing modeling and analysis for power electronics dominated power
system and develop a corresponding stability analysis framework for the grid-
converter interaction system considering the dynamics of the power electronics
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converter and the uncertainties of renewable energy sources based on the proposed
modeling method.

1.2. OBJECTIVES AND MOTIVATION
1.2.1. STATE-OF-ART

1.2.1.1 Modeling of power electronics converter

To give an accurate stability estimation of the grid-converter interaction system, it is
of vital importance to gain an accurate model of the system considering the dynamics
of the power electronics converter and the uncertainties of renewable energy sources.

The modeling methods are divided into theoretical modeling and behavioral modeling
[5]-[9]. For the theoretical modeling method, the model is usually derived based on
the physical principles. The derived theoretical model has a clear physical
interpretation. While for behavioral modeling methods, the models are generated
through the measurement data with identification techniques, and there is no need to
get prior knowledge of the detailed system [10]-[12].

For the theoretical modeling method of power electronics converters, the most
important and fundamental method, named average modeling, was first proposed in
1972 by R. D. Middlebrook [13]-[14]. The power electronics converters could be
represented with a time-invariant continuous equivalent circuit based on the average
modeling method. On the basis of the theory, different modeling methods are
proposed for different purposes. For the stability analysis of the grid—converter
system, the most popular modeling methods are the impedance-based modeling
approach and state-space modeling approach [15]-[17].

1.2.1.2 Stability analysis of gird-converter system

To analyze the stability of the grid—converter system, different methods have been
proposed in previous literatures. For the state-space model based stability analysis,
the eigenvalues of the system matrix could provide a complete view of the system
oscillation, while the participation analysis could reveal the relationship between the
system dynamics and the state variables [18]. Thus this method can reveal the root
causes of instability of the interaction systems [19].

Although the state-space model has the advantage in the global view of the system
dynamics, it shows the complexity and less scalability when analyzing the large-scale
interconnected systems with the coupled-dynamics of different control loops [20]. To
overcome the disadvantages, the impedance-based stability analysis has been
proposed [21]-[23]. The converters with the linear control loop are modeled as single-
input single-output (SISO) transfer functions. The SISO impedances of the converter
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and the grid impedance could be used for the stability analysis with the bode plot or
Nyquist criterion [24]. And for the converters with the nonlinear control loops, the
output impedance model should be modeled as the multiple-input multiple-output
(MIMO) impedance model [25]. With the help of generalized Nyquist criterion, the
stability condition could be assessed. If each power electronics converter in the
interconnected system could be modeled as the impedance model, it is of much ease
to obtain the stability condition of the system. Meanwhile, there is no need to model
the whole system again if the extra power converters are added or removed from the
system, which shows good scalability.

1.2.1.3 Research gaps

Although the impedance-based stability analysis is widely adopted, several issues
undermine the performance of impedance-based stability estimation in industrial
applications.

First, although the impedance modeling method is mature nowadays, some nonlinear
blocks (e.g. dead-time, dc-link control loop, etc.) in the power-electronics converter
are still not considered, which will affect the accuracy of the impedance model and
the stability estimation. Dead-time is such a nonlinear block for the VSC to reject the
shoot-through during the converter operation, but also changes the dynamic behavior
of the VSCs [26]. In previous literature, the dead-time is viewed as an external
disturbance of the converter and analyzed by Fourier decomposition [27-30]. As
reported in [31-32], the dead-time effect is modeled as a small-signal model. The sign
function is adopted to reveal the voltage-loss phenomenon caused by the dead-time,
with the help of Fourier decomposition, the sign function is linearized with its
fundamental component. However, due to the neglect of the current ripple, the model
cannot reveal the dead-time effect. To address this issue, the describing function is
proposed to establish the model [33]. However, only the fundamental component of
linearization is considered in this work.

Second, due to the nonlinearities in the power-electronics converter, the impedance
varies with the operating point, thus the impedance model achieved in a stiff operating
point cannot be used in stability estimation considering the uncertainties of
renewables. To address this issue, as reported in [34], a modeling method is proposed,
where the function of the disturbance signal is integrated into the impedance model to
represent the variation of the operating point. Hence, the large-signal impedance
model is generated. Another method is to employ the polytopic model for converter
modeling at different operating points, which can be seen as a ‘black-box’ small-
signal model [35-36]. The small-signal models at different operating points are
summarized with respective weights to generate the multi-operating-point (MOP)
model. The generated model can predict the impedance at different operating points,
yet this model can just predict the model of the converters at limited operating points
and the accuracy is hard to be guaranteed.

16



CHAPTER 1. INTRODUCTION

Third, many vendors are unwilling to share details of their products, making it difficult
to get the full information required in impedance modeling, then how to enable a
‘black-box’ impedance modeling and stability estimation is a key point in industrial
applications. To overcome this challenge, the impedance measurement is developed
to directly obtain the impedance by measurement and frequency scanning without the
prior information of inner control systems and enables the ‘black-box’ stability
estimation [37-38]. However, the existing impedance measurement-based stability
analysis methods are conducted only at the stiff operating scenario, and cannot deal
with continuous variations. Due to the fluctuations of renewables and loads, the
operating point of the grid-converter system varies consistently. Thus, the impedance
model of the converter is variable when connecting to renewables, making it
challenging to be estimated by conventional impedance measurement methods.
Meanwhile, since the operating points are the high-dimension vector, it is unrealistic
to measure enough data through the online impedance identification, as the limited
measured data amount will consequently introduce the over-fitting phenomena to the
trained impedance model, and then affect the accuracy of stability analysis [39].

Therefore, to give an accurate estimation of gird-converter stability, it is significant to
reveal the effect of the nonlinear block in the power-electronics converters modeling
and obtain the accurate impedance model in the global operating point’s vision

without access to the detailed information of the inner control loop of inverters.

1.2.2. OBJECTIVES
To fill in the identified research gap, the objectives of the thesis are summarized as:
» To obtain an accurate analytical model considering the dead-time effect.

»  To obtain the ‘black-box’ impedance model of the VSC covering the variable
operating points with the help of Al.

» To develop a physical aware impedance identification method that reduces
the data amount requirement in real industrial applications.

+ To adopt the Al technique to achieve the stability analysis of the grid-
converter system.

1.3. MAJOR CONTRIBUTIONS

The contributions of the thesis are summarized below:

e The Ph.D. thesis presents the accurate small-signal model for VSCs
considering the dead-time effect. The current ripple of VSC is analyzed for
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a more accurate model of dead-time effect. The DIDF method is employed
for nonlinear modeling caused by dead-time effect. The presented impedance
model could accurately help for the controller design of VSC and stability
analysis of the grid-converter system.

* The PhD. thesis develops a ‘black-box> ANN-based impedance
identification method for VSC impedance modeling. A methodology
adopting the ANN technique for the VSC modeling is illustrated, which
could be used for the stability analysis of the modern power electronics based
power systems considering the increasing integration of renewables.

»  The Ph.D. thesis develops a physical aware impedance identification method
that reduces the data amount requirement for online impedance
identification. Considering the data limitation in online impedance
measurement, the physical informed transfer learning based impedance
identification is developed for online impedance identification effectively.

*  The Ph.D. thesis develops a double deep neural network (DNN) based black-
box modeling and stability region estimation method, which consists of a
DNN based MOP-impedance model and a DNN-based stability
discrimination model. The stability region of the grid-converter system can
be accurately predicted by the proposed approach.

1.4. THESIS LAYOUT

The origination of the thesis is list below:

Chapter 1 introduces the ongoing trend of traditional power system transformations
towards the power electronics-based power system. Following this trend, more and
more renewables are integrated into the power system with the connection of the
power electronics converters, which may result in instability issues.

Chapter 2 discusses the modeling of the dead-time effect, which is necessary for
inverter operation and has a significant effect on the output impedance of inverters.
The double input describing function method is adopted to describe such effects on
the analytical impedance model.

Chapter 3 proposes a data-driven modeling method for VSC. The Al technique is
adopted to model the power-electronics converters. The ANN-based impedance
identification method is proposed to identify the MOP-impedance model of VSCs.
First, the impedance measurement is adopted to acquire the impedance data of VSCs.
Second, the measured data are fed into the ANN model to train the MOP-impedance
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model of VSCs, which can predict impedance models at the unmeasured operating
points.

Chapter 4 discusses the data amount limitation issues in real industrial applications.
A framework of the physics informed neural network based online impedance
identification of VSC is established to illustrate the detailed implementation of the
proposed method.

Chapter 5 tackles the challenge of how to estimate the stability region considering the
uncertainties of the renewables. In this chapter, a double deep neural network (DNN)
based black-box modeling and stability region estimation approach for power
converter dominated power systems is proposed. The proposed double DNN based
framework achieves fast and accurate estimation of stability region for grid-converter
system considering the variation of the operating point.

Chapter 6 illustrates the conclusion and the future work.

Figure 1-3 shows the framework of the thesis.

Analytical impedance modeling of VSC

Analytical modeling of VSC Physical model
o EVEERIGRREL

Al-enabled impedance modeling of VSC

ANN-based modeling of VSC

ANN based
impedance model

Conclusion

Introduction

__Transfer learning based modeling of VSC

Al-enabled Stability analysis of grid-converter system

. DNN based stability estimation Stability region

Figure 1-3. Thesis framework.

1.5. LIST OF PUBLICATIONS

The relationship between the chapter number and published papers is given by.
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Power Electron., vol. 36, no. 2, pp. 1231-1235, Feb. 2021.

J2 M. Zhang, X. Wang, Q. Xu and M. G. Christensen “Transfer Learning based
Impedance Identification of Voltage Source Converters,” submitted to IEEE Trans.
Power Electron.
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CHAPTER 2. ANALYTICAL MODELING
OF VSC CONSIDERING DEAD-TIME
EFFECT

The chapter is based on C1.
2.1. BACKGROUND

The impedance-based stability analysis method is widely used for VSC-grid
interaction stability analysis. For this reason, the accuracy of the impedance model is
vitally important. Yet, there are few studies on nonlinearities of the VSC, which affect
the accuracy of modeling of VSC impedance and the stability analysis of the VSC-
grid interaction system [40].

Dead-time is such a nonlinear block for the VSC to reject the shoot-through during
the converter operation, but also changes the dynamic behavior of the VSCs . The
double input describing function (DIDF) based modeling method is proposed to
accurately model the dead-time effect.

This chapter is organized as: In Section 2.2, the DIDF basics is introduced. In Section
2.3, the proposed DIDF method is employed to model the VSC with the dead-time
block. In Section 2.4, both the simulation and the experiment are adopted to validate
the derived impedance models.

2.2. DUAL INPUT DESCRIBING FUNCTION BASICS

For an arbitrary function y = f(x), suppose the input is a sinusoid function, the function
f[Msin(w?)] is represented as the summation of sinusoidal functions. The describing
function N(M) is

1
N(M):V(af +by) (2.1)
1 (o . .
a, =+—~J‘0 f (M -sin wt) - sin wtd wt
i (2.2)

1 (o .
b, :——-I f (M -sin wt) - cos wtd wt
T 0

Therefore, the function f(x) with the sinusoid input can be represented in this format
y = N(M) x.
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However, in the modeling of dead-time effect, the nonlinear input is composed of two
additive sinusoids, i.e., the fundamental wave and small-signal perturbation. For the
purpose of calculation, the function f(x) is assumed as

f(t)=0-sin(wyt+6,)+P-sin(wpt+6,) (2.3)
where the amplitudes O and P and angular frequencies wo and we are determined by
the system nature, the randomness of the inputs is determined by the phase angles 6o
and 6p.

In this case, only the phase angle of the sinusoid function is the random variable, the
other phase angle is related to it. The describing functions are determined by the

relation between the fundamental wave and small-signal perturbation, which is written
as follow

N(O):“:I—;,N(P):— (2.4)

where Mo, lo, Mp and Ip are the phasor of output and input of the fundamental wave
and small-signal perturbation, respectively.

If the nonlinearity of the function y = f(x) is static, the describing functions of the dual
inputs are written as follow

N(O)=%Jﬁ”d9o ;ﬂd&,,f(O~sin6?o+P~sin6?P)sin6?o
1 (2 2r _ _ _ (2.5)
N(P):zﬂ—zp.[o d6s |, d,f(O-sing, +P-sing;)sino,

The DIDF of the nonlinear function only depends on the amplitude of the inputs.
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2.3. DEAD-TIME MODELING BY DIDF

Sa S
14\} b1 WO L

+
(Ve Vowm Vo(t) Rioad

Saz 4\} sz-l\}

Figure 2-1. Diagram of single phase VSC.

The single phase VSC is shown in Figure 2-1. Vg is the dc voltage. L is the filter
inductance. Sa1, Saz, Sb1 and Sp are the switches. io(t) and vo(t) are the current and load
voltage of the VSC system, respectively, Vywm is the bridge voltage of VSC. The model
of converter can be easily written as:

(O, () =V, =d -V, (2.6)

where d denotes the VSC duty ratio.
Due to the dead-time effect, the duty ratio will be changed. Figure 2-2 shows the VSC

current, which consists of three periods, the red part is the positive period, the yellow
part is the zero-crossing period and the blue part is the negative period.

A io (A)

i0>0 io cross 0 io<0

Figure 2-2. Output current considering current ripple.
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In the normal period, the duty ratio does not change. But in the dead-time period, the
paralleled freewheeling diodes are affected by the inductor current, which will change
the actual duty ratio in the period of dead-time. Figure 2-3 shows the dead-time effect
in the dead-time period with different situations of the output current. T, is the
switching period, Vpwm and Vpum,act are the ideal output voltage of VSC and the actual
VSC voltage, Sai,id, Sat,id, Sa1,.actand Sazact are the ideal and actual switches.

As shown in Figure 2-3, when i, > 0, the actual output voltage Vpwm,act caused by dead-
time effect is less than the ideal VSC voltage Vpwm. When i, < 0, the actual conduction
time of VSC is larger than the ideal conduction time. When i, crosses zero, the actual
conduction time of VSC is equal to the ideal conduction time and the dead-time has
no effect. Thus, this dead-time effect of VSC is modeled as the function below

T .
dact = didea - -Id—ead - (Io (t)) (27)
sw
Tow
Satid t,
Sazid t
Sal,act t >
Saz,act t >
Vdc
prm t >
-V,
Vdc dc
Vewm,act < > t >
Ton_idea 'Vdc
Tdead Ton_act Td&d
. ~—
lo
\\ t =

a). io <0.
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i TSW >
Sat,id t
Saz,id t
Sal,act t
Saz,act t >
Vdc
Vowm t,
-V
Vdc dc
VPwm,act > t >
B Ton_idea R \ Ve
> >
-lrdead Tonﬁact T dead t
— >
io \ / \
L~
b). io <O0.
» TSW >
Satid t,
Sazid t
Sal,act t >
Saz,act t
Vdc
prm t
-V
Vdc dc
VPwm,act < = t >
Ton_idea \ -Ve
> T NS
Tdead on_act  Tgeqq
~
i \\ / \ t R
\/

C). io crosses 0.

Figure 2-3. Dead time effect with different inductor current.

where
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L i (t)=tr
f(i,(t)=40, tr>i (t)>—tr (2.8)
-1 i (t)<—tr

Where tr is the threshold of the current, which is shown in Figure 2-2, which can be
calculated as follow

ST,V
tr = Ai, = TSWZL t (2.9)

Substituting (2.9) into (2.6), the VSC considering the dead-time effect is given as

dt T

sw

di, (t T .
Lﬁwo (t) =V, -(dide& - 2= £ (i, (t))} (2.10)
Then, the small-signal perturbation is added into (2.10) as shown below

d(i, (1) +1, (1)

dt

Tdead

+vp(t)+vs(t):(didea—T ~f(ip(t)+is(t))J-Vdc (2.11)

L

sw

where the subscript s represents the steady state signal and p represents the small-
signal perturbation. As the function is(t) and ip(t) in this case are sinusoids, then the
Fourier series of the function is represented with the DIDF

£(1,-sinot +1,-sin(,t +9))

=> {Z [P, sin(my;, +ny, ) +Q,,, cos(my, +ny, )] (2.12)
m=0 _ —o0(m=0)
0(m=0)

where y1=wst, yo=wpt + ¢ represent two arbitrary angles. By the describing function
theory mention in last section, the DIDF of f(is(t)+ip(t)) are obtained as below

f(1,-sinat +1, sin(w,t+9)) = N, i, +N, i (2.13)

R . . .
IL H ssiny, + 1, -siny, )sin (v, ) dy,dy,
I:)s s Q (214)
N, = I—°1 I s -siny,+ 1, -siny, )sin (v, ) dy,dy,

Q

p

‘—.
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Substituting (2.8) into (2.14), the describing function of the f(is(t)+ ix(t)) can be

derived
Nt bk i[@n)'T 1 (LY
Pl I 2°'n¥ | 1-2n{ 1,

4 KY &l ey L)
No=—. 1| 2| .5 222 | |2
*ozl, (Ij %[ZZ”n!Z}[IJ
Substituting (2.15) into (2.10) and (2.13), the state-space model of VSC is obtained

d (i, (t)+i, (1))

dt

_ %[(dim _TTdid.(Ns () +N, -, (t))j.vdc ~(v. () +v, (t))J

sw

(2.15)

(2.16)

Eliminate the steady states of the equation (2.16), the small-signal VSC model is

obtained
dl(t) _ 1 dead | N .
— —L[[dmea—— N, |(t)j vdc—v(t)} (2.17)

sw

2.4. CASE STUDY

Figure 2-4 shows the diagram of the single phase VSC. In the case study setup, the
impedances are obtained from the simulation using the frequency scanning impedance
measurement technique [41]. The current perturbation is injected into the system. The
output voltage and current waveforms at the point of common coupling (PCC) are
recorded. Then the Fast Fourier Transform (FFT) algorithm is adopted to filter out the
corresponding frequency current and voltage at the frequency domain. Frequency
scanning technology is adopted for the impedance curve at the whole interested
frequency range. As a reference, the analytical impedance model is

2
Z, = LS4V, 1_(LJ - (2.18)

where Iy, represents the peak value of output current.
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Vd(r —_

*

PWM Iy

Figure 2-4. System diagram of open-loop VSC.

The simulation parameters are shown in Table 2-1.

Ve [V] L [mH] lop [A]
700 8 5.4

Table 2-1 Parameters of simulation setup.

+
v, ! » Rload
Perturbation
Tsw [ns] Taead [ps]
100 4

The proposed impedance model results in Figure 2-5 shows a good matching with the

simulation results. To show the advantage of the

proposed method compared with

impedance derived with the conventional method, the conventional impedance model
is also shown in Figure 2-5. As the result shows, the proposed model can accurately

model the dead-time effect.

A 1 kW experiment is designed to validate the proposed model. Figure 2-6 shows the
experimental setup. One inverter is the under-test inverter, while another serves as the
perturbation source. The current sensor and the voltage sensor are used to measure the

voltage and current responses at the PCC. The

sampled voltage and current are

processed with the FFT algorithm. By sweeping the frequency, the impedance curve

of VSC is generated.

The parameters of the experiment are kept the sam
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Figure 2-5. Simulation comparison between measured impedance data and proposed

model.
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Figure 2-6. Diagram of the experiment of impedance measurement.
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The comparison experiment result is shown in Figure 2-7, which compares the actual
measured impedance, the small-signal model derived with the proposed modeling
method and the impedance model with the conventional method. As shown in Figure
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2-7, the proposed impedance model measured matches well with impedance and is
more accurate than the conventional one.

S
o

e= Theoretical impedance
O  Experiment impedance
e= Traditional impedance

B)

w
o
T

Magnitude(d
N
o

o o
1oF SR 1
10" 102 10°
Frequency(Hz)
100 "

e=  Theoretical impedance
O  Experiment impedance
e==  Traditional impedance

50

Phase(deg)

0 .
10" 102 10°
Frequency(Hz)

Figure 2-7. Experimental comparison between measured impedance data and proposed
model.

2.5. SUMMARY

The accurate small-signal model for VSCs considering the dead-time effect is
developed in this chapter. The current ripple of VSC is analyzed for a more accurate
model of dead-time effect. The DIDF method is employed in this chapter for nonlinear
modeling of the dead-time. Both the simulation and the experiment are conducted to
validate the proposed model.
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CHAPTER 3. DATA-DRIVEN MODELING
OF VSC

The chapter is based on J1.

3.1. BACKGROUND

The VSC impedance is highly relative to the operating point, due to the nonlinearity
of VSC control systems [42]. Hence, it is hard to give the stability estimation of the
VSC-grid system with the impedance at a fixed operating point.

To address this issue, in this chapter an ANN-based impedance identification method
is proposed to identify the MOP impedance model of VSCs. First, the impedance
measurement is adopted to acquire the impedance data of VSCs. Second, the data are
fed into the ANN model to train the MOP-impedance model of VSCs, which can
predict the impedance. At last, the comparison results are provided to validate the
proposed method.

3.2. FRAMEWORK OF PROPOSED METHOD

ANN can directly use the data to train the impedance model by mimicking the
structure of a biological neural network.

Figure 3-1 shows the framework of the proposed ANN-based impedance
identification. This framework gives an illustration of how to adopt the ANN
technique in impedance identification. As shown in Figure 3-1, the framework
consists of three levels.

At the concept level, the framework illustrates how to generate the model from data
and how to validate the model in the deep learning domain.

At the mapping level, the framework bridges the research gap between the machine
learning domain and the power electronics domain. In the data sourcing part, the
impedance data at different operating points are measured. First, the interval and range
of the sweeping parameter are defined before the measurement. Second, the
impedance measurement is used to acquire the impedance data with changing
operating points. The ANN model training technique is used to train the MOP-
impedance model of VSCs considering the continuous changing of operating points.
In the model validation part, the accuracy of the generated model is verified by
comparing the predictive impedance with the model and the field measured data.

31



ARTIFICIAL INTELLIGENCE ENABLED IMPEDANCE IDENTIFICATION AND STABILITY ESTIMATION OF GRID-
CONVERTER SYSTEM

The supporting level consists of two supportive techniques for the mapping level. The
impedance measurement is adopted for the impedance data generation, and the ANN
training is used for the model generation [43]. The implementation is illustrated in the
next section.

Ii?/r(;ICept Data sourcing Model Generation Model Validation
(=) .
error
Mapping 3
level Measurement setunl| & Measured data g | Predictive data
i processing B generation
2 s
¢ . 1
= £
= E
Impedance ANN training Model validation
measurement
' Verification data .
T
Supporting | dg-impedance measurement ANN training
level Inject Inject .
Perturbation 1 Perturbation 2 Split data
Measure the Measure the 1
current and voltage|| [current and voltage| Initialize the
at PCC at PCC ANN structure
!
Transform abc- Transform abc- o .
frame to dg-frame || |frame to dg-frame ANN training [+ ANN tuning
{
Adopt FFT to Adopt FFT to 1 _J
extract extract
Ugt U Lot Iy Ui Uy oz I Evaluate ANN
¥
Calculate Impedance
impedance data model

Figure 3-1 Proposed ANN-based impedance identification framework.

3.3. IMPEDANCE MEASUREMENT

The frequency scanning impedance measurement is used to acquire the dataset for
model training.

Figure 3-1 shows the workflow of the online impedance measurement.
First, the perturbation signal is appropriately designed to be designed before the

measurement [44]. If the magnitude is not small enough, the operating point of the
VSC will be changed. Meanwhile, if it is not sufficiently large, the noise disturbances
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will affect the measurement. According to [45], [46], the perturbation is set to 5% of
the operating point in this study.

Second, the measured voltage and current of the VSC at PCC are calculated to obtain
the impedance. The Park’s transformation is used to transform the abc-frame signal
to dg-frame. To achieve the impedance matrix, two independent perturbation signals
are injected to gather enough information to solve the impedance matrix. The
frequency-domain signal at the injected frequency are extracted with the FFT
algorithm. The admittance of the VSC at a specific frequency is calculated as

following [47],
-1
|:Ydd qui|:|:|d1 Id2:||:Ud1 Ud2:| (31)
qu qu Iql IqZ Uql Uq2

The operating point (Vq, Vg, lg, 1) and the frequency inputs are selected as the inputs
of the impedance model.

Thus, the measurement and calculation are repeated with changing operating points.
With the frequency scanning impedance measurement, the impedance dataset is
established.

3.4. ANN MODEL GENERATION

To obtain the MOP-impedance, the ANN training technique is adopted. This part
consists of two steps, the neural network initialization and the ANN training. In the
neural network initialization step, the structure of the neural network is initialized with
the domain knowledge VSC modeling. In the ANN training step, by feeding the
measured data, the initialized neural network will be trained and the desired MOP-
impedance model will be finally obtained.

3.4.1. MODEL INITIALIZATION

Different types of neural network are reported in previous literature [48]. In
impedance identification, generating the impedance model with the measured data is
a regression task, and the relationship of ANN is static. Thus, the feedforward neural
network is suitable for this task.

The number of hidden layers and number of neurons is decided next. As reported in
[49], one hidden layer has the capability to approximate every continuous function.
Due to the physics of the impedance model, one hidden layer is enough for the
impedance identification. However, there is no mathematical solution to decide the
numbers of neurons of each hidden layer until now, so that the neurons number is
optimized by trial-and-error.
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Figure 3-2. Diagram of ANN structure.

Therefore, a three-layer feedforward neural network model is initialized which is
shown in Figure 3-2. Each neuron is a calculating unit with the weights wij (i=1,...,n,
j =1,...,m) of each input and the bias b; (j = 1,...,m) of the output. The sigmoid
function is selected as the activation function in the hidden layer, which is a nonlinear
function [50]. Therefore, the calculation of each neuron in hidden layers can be
represented as

y; =S [y -x +by ] j=1...m (3.2)
3.4.2. ANN TRAINING

In model training process, the MOP-impedance model is trained with the measured
impedance data.

The ANN model is trained by feeding the measured dataset into the initialized neural
network. The back-propagation is adopted to train the ANN while the typical mean
squared error is used as the loss function, which is given by

MSE:iiZD;(X:(W',b')_x:)Z (3.3)

N n=1d=1

where X¢ (w' , b') and X ¢ are the d-th calculated neurons and the training data index

respectively; (W' , b') are the weights and bias to be trained.
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After the model is generated, the coefficient of determination (R?) is used to evaluate
the performance of training [51-52], which is presented as

R? :1_Z(Yi - f )2 /Z(yi _9)2 (34)

where y; represents the output of training data and y is the average of y;. f; is the output
of the trained model. In this case, the accepted R? is larger than 0.98.

After the ANN training step, the MOP-impedance model is generated.

3.5. CASE STUDY

To validate the proposed method, a case study with a grid-connected VSC control is
designed, which is shown in Figure 3-3. The detailed parameters are shown in Table
2-1. The d-axis current is varying in the case study to make the result visible.

avad Perturbation

4—:—dq:PCC_
. = — S—#GRID
vV ‘I L R :
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: : Admittance

: PWM PLL : .
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E 1 t 0 | }

¢+ | DC-link Current |«— '

: ™ labc : Y

¢ | Control Control |« ; d

Figure 3-3. Admittance measurement diagram.

As shown in Figure 3-3, the voltage disturbance is injected into the VSC system to
excite the output admittance data of VSC. In this case, the f is from 1 to 100 Hz with
1 Hz interval, and the d-axis current Iq4 is swept from 2.16 A to 9.84 A with 0.16 A
interval. The outputs are separated into four elements, i.e., Yad, Ydag, Yqd, Yqg- The
measured admittance dataset is shown in Figure 3-4.
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Symbol

Ki i
Kp_plt

Ki_pn

Table 3-1 VSC Parameters.

CONVERTER SYSTEM

Description
Inverter dc voltage
D-axis VSC voltage
Q-axis VSC voltage
Q-axis VSC current
Switching frequency
VSC frequency
Inverter inductor
Capacitor of dc-link
dc voltage controller parameter
dc-link controller parameter
current controller parameter
current controller parameter
PLL parameter

PLL parameter
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Value
730V
250V
oV
0A
10 kHz
50 Hz
3mH
1000 pF
0.1
10
7.85
27415
0.56

80.75
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Figure 3-4. Measured admittance dataset of VSC.

The ANN model is trained by feeding the measured dataset, and then the MOP-
admittance model Yann is obtained as shown in Figure 3-5.
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Figure 3-5. Generated MOP-admittance model.

To validate the generated MOP-admittance model, the model is compared with the
field test data with the different frequency f, v and d-axis current 14 v, where the f, v is
from 1 to 100 Hz with 0.1 Hz interval and the d-axis operating current Iy , is from
2.16 A t0 9.84 A with 0.04 A interval.
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Figure 3-6. Errors of the generated MOP-admittance model.
Figure 3-6 shows the errors of the trained admittance model, where the biggest error

is only less than 1 %. The comparison shows that the proposed method is effective in
MOP-impedance modeling of the VVSC.
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3.6. SUMMARY

This chapter discusses ANN-based impedance identification for VSC. An ANN is
applied to model the VSC impedance considering the operating point changing. The
trained model could predict impedance of the VSC at the operating points that are not
measured. The case study validate the proposed method.
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CHAPTER 4. TRANSFER LEARNING
BASED MODELING OF VSC

The chapter is based on J2, C2.

4.1. BACKGROUND

Section 3 applies the artificial neural network (ANN) technique to identify the
impedance model of the VSC. The ANN based MOP-impedance model is trained with
the measured impedance, which can predict the accurate impedance of the VSC at
varying operating points. Nevertheless, the data used in the model training is obtained
through offline measurements. Since it is unrealistic to measure enough data through
the online impedance identification, as the limited measured data amount will
consequently introduce the over-fitting phenomena to the trained impedance model,
and then affect the accuracy of stability analysis.

To overcome the bottleneck in online impedance identification, an online impedance
identification method is proposed. The basic idea is to use the physical knowledge of
VSC to facilitate the black-box modeling. Following this concept, we propose a new
online impedance identification method that if a network can be constructed using the
physical knowledge of VSC, the training effectiveness will be improved even with a
small amount of data. Meanwhile, to improve the efficiency of online impedance
identification, the transfer learning technique is integrated into the method by
transferring offline knowledge to online impedance identification [53]. The proposed
method consists of the following steps: First, the ANN model is constructed based on
the derived analytical impedance model of the general VSC. Next, numerical offline
tests are conducted to generate enough impedance data, which are fed into the
constructed ANN structure to generate the offline impedance model. Then, based on
transfer learning theory, the offline impedance model is transferred to online
impedance identification of different VSCs by minimizing the distribution differences
between the trained data and limited online field measured data iteratively. At last, the
online impedance model is generated.

The chapter is organized as follows: The analytical impedance model of VSC is
derived in Section 4.2. The framework of the proposed online impedance
identification of VSC is stated in Section 4.3. In Section 4.4, the implementation of
the proposed method is further explained. Finally, comparative case studies are
provided in Section 4.5 that validate the proposed method.
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4.2. GRID-CONNECTED VSC SYSTEM MODELING

Figure 4-1 shows the typical structure of grid-connected VSC controlled by the
proportional integral (P1) current control loop and synchronous reference frame (SRF)
PLL, where L and Ry are the inductor and the parasitic resistor, V, and V. are the
output voltage and PCC voltage, | represent the inverter output current.

| iPCC
=T 7 ]GRID
__\/dC —I Vo L 3 EVPCC

///

I~
I~
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L+

| Sampling |

y -
* labc v Vabe
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Figure 4-1. Diagram of grid-connected VSC system.
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Figure 4-2. Control diagram of the grid-connected VSC.

Figure 4-2 shows the detailed control diagram of the grid-connected VSC. The filter
plant is shown as follows:

1
L-s+R,

Yy (S) =Y (S)

(4.1)

Gi(s) is transfer function of the PI current controller, where k, and k; are the control
parameters, which is written as:
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G (s)=k,+— (4.2)

Gael(s) is the time delay caused by the digital system [54], which consists of the
computational delay (Ts) and pulse width modulator (PWM) delay (0.5Ts), where Ts
is the sampling period. The time delay is shown below:

G (5) =€ (4.3)
The PLL is linearized as follows [55]

A6 =Gy (5)AV

: (4.4)

s K, otk

ol (4.5)

Ge (8)=
PLL( ) 52 -‘r(s'kp—p” +ki*P” )Vd

where kppn and kipn are the control parameters of PLL, respectively. The dg-
transformations used in the current control are linearized as follows:

lyg =1cos@+i-1sing=(1+Al)cos(AG+0)+i-(1+Al)sin(A0+0)

. (4.6)
> Al g =1-A0-1 4,
Vg, =V €osO+i-Vsing=(V + AV )cos(AG+0)—i-(V +AV)sin(A9+0)(4 7
S AV g =1-AOV, '

where lsqq and Vsqq denote the steady-state complex space vectors respectively,
AlpLgq and AVp( gq are the dynamics of the PLL, respectively. Substituting (4.4) into
(4.6) and (4.7),

AIPLl_,dq =i 'GPLL (S)AVq : Is,dq (4.8)
AVPLL,dq =i 'GPLL (S)AVq 'Vs,dq

The transfer functions with the superscript “m” represent the symmetric transfer
matrices, which are shown below:

Yoia (8)=Youq (S)=;{ ° ”l} (4.9)

Gl (s){G‘és) Gi(zs)} (4.10)
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Gy ()= {G"e'o(s) Gdf(s)} (4.11)

where w1 is the fundamental frequency. The PLL dynamics is modeled as follows

Alpg | |0 =Gy (s)1s4 || AV: g AV,
AIPLL,q 0 GPLL(S)Is,d AVq ho AV,

q
AVp 4 _ 0 -Gy, (s)vsyq AV, g AV,
AVPLL,q 0 GPLL (S)Vs,d AVq i AVq
where Isg, Isq and Vsg, Vsq denote the steady-state complex space vectors of current

and voltage in d-axis and g-axis, respectively. Thus the block diagram of small-signal
transfer matrices of the VSC system is derived as shown in Figure 4-3.

(4.12)

> Yonq (S)
qu m ( ) m m qu
> C:{/,PI_L(S) Gdel (S) > Yp,dq (S) —
Giea(S)
1 G (9) -
Iref,dq

Figure 4-3. Small-signal transfer matrices diagram of the grid-connected VSC.

The transfer function is derived as:

“ﬂ:@gr,dq(s){::ﬂ

_{[| "+ T (s)]_l Yoaq (5) =Gl 4q (8) YL (s)} R/‘j

(4.13)

where Iy, is the unitary diagonal matrix, the other transfer functions are shown below:
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Ytgﬂdq (8)=Ypeq (8) =Yg ()Gt (8)Gere (3)
(S Ypdq( )Gcrigl( )Gcmdq( ) (4'14)

)=
Gl (5)=[1"+T53(5)] T ()

Thus, the admittance matrix of VVSC is derived as:

Yo (8) =17+ T30 (5)] Vil (5)~ Gy (8) Y, (5) (4.15)

As shown in (4.15), if the control structure of the VSC is fixed, the converter
admittance model is dependent on the steady state operating point, frequency and the
control parameters.

4.3. PROPOSED IMPEDANCE IDENTIFICATION

The black-box impedance of VSCs is the key to facilitate the study of converter-grid
interaction stability. Actually, in real industrial practice, the circuit and control
structures of VSCs provided by different vendors are usually known while the detail
parameters cannot be accessed. Therefore, the idea of the proposed method is to utilize
partial physics of the VSC and a small amount of online measured data to obtain the
accurate model. The preliminary impedance model is generated at the offline phase to
reduce the online training load, before the online identification.

The framework of the proposed physics informed neural network based online
impedance identification is shown in Figure 4-4. As mentioned above, the
implementation of the method is divided into the offline and online phase.

In the offline phase, the structure model of VVSC that is first derived with the partial
physics of the VSC is used to restructure the ANN structure, which can reduce the
complexity of the ANN model and thus reduce the demand for data and training effort.
Second, with the simulation model established in Matlab/Simulink, the offline
impedance data are obtained with different setups compared with the online
identification. After that, the offline ANN-based MOP-impedance model is trained
with the initialized ANN structure and the simulated impedance data.

In the online phase, the distribution of the fielded data should be the same as the
offline data. With the transfer learning technique, the field measured impedance data
of the VSC with the impedance measurement technique are fed into the offline-trained
impedance model, where the parameters and the structure of the ANN remain from
the offline phase. After the online training, the MOP-impedance model of the VSC is
achieved.
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-I Structure model
Modeling

71 f(opl, op2..) !

Figure 4 4. Framework of the proposed method.
4.4. IMPLEMENTATION OF PROPOSED METHOD

To implement the transfer learning based impedance identification method, dg-
impedance measurement is proposed to obtain the data used for ANN training. And
the ANN structure is generated with the analytical structure model derived in Section
4.2.

4.4.1. DQ-IMPEDANCE MEASUREMENT

The dg-impedance measurement is proposed in variable operating points and
frequency to obtain the dataset.

i <_§_Ydr; Tabe .

i +L_ N i ‘V ;PCC T 717 |GR|D
Ve = | bR W

. _| . Perturbation ? C?

Figure 4-5. Dg-impedance measurement diagram.
Figure 4-5 shows the diagram of dg-impedance measurement of the VSC. Following

the impedance measurement workflow in Section 3, the admittance of the VSC at the
specific frequency f, is calculated as follows.
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ofel e T

}(4.16)
ql p ql p
Repeating the workflow by changing the frequency of the perturbation and operating
point of VSC, the admittance dataset for training is established. The steady-state
operating points of the VSC, i.e., Vq, Vg, lg, lq, are changing in different operating
scenarios. Moreover, to reveal the characteristics of the VSC at the wide-band
frequency, the frequency f, is selected as the input of the model. Thus the structure
of the MOP-impedance model is established, where the operating point of the VSC in
dg-frame, i.e., (Vq, Vg, lg, lg) and frequency f, are selected as the input of the model to
reveal the operating-point-dependent and frequency-dependent feature.

4.4.2. ANN RESTRUCTURATION

The ANN training requires a large amount of data to configure the ANN structure and
the weights of the connection. If some parts of the ANN can be pre-decided, the
demand for data can be greatly reduced. Based on the derived theoretical admittance
model of VSC, this section shows how to adopt this theoretical model to compress
neural networks for the online impedance identification.

The admittance model in (4.16) can be transformed as follows:

Y (s)=[ AL(9) B (s) Ve —Co(s)- 15 ] [Da(s) | (4.17)

where:
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S o)
i L-(sz+wf) L-(sz+w12)
Odq(s)_ o s
_ 1
L-(s*+@’) L-(s"+a)
Pdrg(S)= S~|(p||jj +kp||i 'kp+£' S o
$% (s Ko + Ko Vg s |-o, s
m 1 5.|(p||,p+kp"i _15T.-s ( kj|: S a)1:|
S)= . et k. +
Qi (s) L(52+a)12) 32+(S~kp” kg .) 3 " s ) —w s
1 k. 1 k.
1+—-e71'5T5'S. k +-L1]-5s _efl.5T5~s_ k o+
. L(Sz+a)12) [ . sj |_(52+a,12) ( p sj @,
qu(s)_

0 Vol s 0 I,
sdq ' Is dq
0 Vv, 0 I,

As shown in (4.17)-(4.18), the admittance model is naturally separated into the
operating point relevant function and the frequency relevant function. For
simplification, (4.18) can be rewritten as:

(4.18)

Sl B S ]
9 O R

S
S

dq

Q
Qu

Thus, (4.17) is derived as
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(
(qu (S)_ Vs - Py (S)+Vq P (S))_(Id Que (S)+ o Qu (S))) (4.20)

(
(qu (S)_(Vd P (S)+Vq P (S))_(Id "Qq (S)+ 1 Qg (S)))
Take Yqgq as example:

Yy (8)=F(8)-V,-F,(s)-Vy - (s)-1,-F(s)- 14 -Fs(s)

(4.21)
=G[V,Vy 1y 14, F (5). o (5). Fs (5), Fi (5). s (s) ]

The outputs of the neural network are written as follows:

Yad-mag = Mag [G VoVa I lg Fi(s), Ry (s), R (s). F (S)’FS(S)H

Voo = ANG[ GV, Vy 1.1y i (5). Fo (5). Fy (5).Fu (5). Ry (5) ] (4.22)

where Ang and Mag are the nonlinear calculation function.
As a conclusion, based on the analytical impedance model of the VSC, the ANN is
structured as shown in Figure 4-6. This structured neural network consists of 3 layers.

Layer | is corresponding to the functions Fi(s), F2(s), Fs(s), Fa(s), Fs(s). Layer Il is
corresponding to function G. Layer Il is corresponding to function Mag and Ang.
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fo lg lg Vo Vg

Figure 4-6. ANN structure diagram.
4.5. CASE STUDY

To validate the physics informed neural network, a case study of modeling the VSC
systems is designed.

A target three-phase VSC system is marked as VSC Il with the PI current controller
and the PLL shown in Figure 4-1 is the target VSC. A known VSC is designed with
the same control loop but different parameters and is marked as VSC I. The detailed
parameters of the two VSCs are shown in Table I. In the case study setup, the VSC Il
is totally a black box while the VVSC I is already known.

The task is to train the impedance model of VSC Il using the known physics of VSC
I and the limited online measured impedance of VSC II. Finally, the comparison
between the conventional ANN based identification method and the proposed method
using the same measured impedance dataset is conducted.
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Symbol Description VSC I Value VSC Il Value
Ve DC voltage of VSC 700V 700V
fo Fundamental frequency 50 Hz 50 Hz
L+ Inductor 1mH 3mH
Rut Parasitic resistance of inverter 0.3 mQ 0.9 mQ
inductor
Kp_i Current controller parameters 10.5 31.4
Ki i Current controller parameters 5900 16449
Kp_pll PLL parameters 1.2 14
Ki pn PLL parameters 257 324

Table 4-1. VSC parameters.

4.5.1. TRANSFER LEARNING BASED IMPEDANCE IDENTIFICATION

Before training the impedance model of the target VSC I, the impedance model of
VSC | needs to be generated. To make the result easily visible, d-axis current lg is
changing. The frequency f, is from 1 to 100 Hz with 1 Hz interval, and the d-axis
current Iq is from 20 A to 70 A with 1 A interval. Figure 4-7 shows the measured
dataset. The measured data are fed into the restructured ANN and the model is trained.
At last, the admittance model of the source VSC Yvsc.i is generated as shown in Figure

4-8.
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Figure 4-7. Measured admittance dataset of source VSC.
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Figure 4-8. Generated MOP-admittance model of source VSC.
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Figure 4-10. Generated MOP-admittance model of source VSC.
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Figure 4-12. Errors between generated admittance model and measured data using
conventional ANN method.

The source VSC model is used to train the admittance model of the target VSC. In the
impedance dataset of target VSC, the frequency f, is from 1 Hz to 101 Hz with 5 Hz
interval, while the d-axis current Iq is from 20 A to 70 A with 5 A interval. In online
measurement, only 200 data points are acquired, which are shown in Figure 4-9. Then
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feed the dataset into the admittance model Yysc.i. The admittance model of the target
VSC Yvsc-n is generated, which is shown in Figure 4-10.

The trained admittance model Yysc.i is compared with the field measured data. In the
field measured dataset, the corresponding frequency f, vis from 1 to 100 Hz with 0.1
Hz interval, while the corresponding d-axis current lq v is from 20 A to 70 A with 0.1
A interval. The corresponding errors are shown in Figure 4-11, where the error is less
than 1 %. Hence, the comparison shows that the proposed method is effective in online
impedance model identification of the VSC.

4.5.2. COMPARISON WITH THE CONVENTIONAL ANN METHOD

The conventional ANN method and the proposed method using the same measured
impedance dataset. The same dataset as shown in Figure 4-10 is fed into a two-hidden-
layer random initialized ANN. After the training, the model Yvsc.i-o is generated. To
directly show the comparison result of two models. The corresponding errors between
the verification data with the same distribution and the generated model are shown in
Figure 4-12.

As shown in Figure 4-11, the conventional ANN method cannot have a good
performance with the sparse dataset, while the proposed method can accurately
establish the impedance model of VSC even with limited data amount.

4.6. SUMMARY

This chapter proposes a new impedance identification method using transfer learning
for online impedance identification of VSC under changing operating points.
Considering the data amount limitation in online impedance measurement, the physics
informed neural network based impedance identification is developed in this paper.
The partial physics of the VSC is used to compress the artificial neural network, which
can reduce the calculation burden of online impedance identification. Meanwhile, the
two-steps impedance identification is developed with the inspiration of the transfer
learning theory to further increase the online impedance identification efficiency. The
proposed method could be used for online impedance identification effectively.
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CHAPTER 5. DNN BASED STABILITY
ESTIMATION

The chapter is based on J3.

5.1. BACKGROUND

As the online impedance model is generated in Section 4. The generated ANN-based
impedance model accurately predicts the impedance at a wide range of operating
points, which could be used for point-wise stability analysis with the Nyquist stability
criterion. However, the efficiency of this point-wise stability analysis is not promising
considering the uncertain and intermittent operation of renewables, as the stability
evaluation should be re-performed when the operating point changes. Moreover, it is
hard to predict the stability margins in just a few estimations when the operating point
has multiple dimensions [56].

This chapter attempts to fill this research gap by proposing a double-DNN based
stability analysis framework considering the operating point variations. First, a DNN
based MOP-impedance model is established by frequency scanning at various
scenarios with different operating points. Second, a DNN based stability discriminant
model is developed for the estimation of the stability region. The double DNN based
stability analysis framework achieves fast and accurate estimation of the stability
region for grid-converter interaction considering the variation of operating points.

The chapter is organized as follows. Section 5.2 introduces the proposed framework.
Section 5.3 and Section 5.4 gives the practical implementation of the proposed method
in impedance model generation and stability discrimination model generation
respectively. The experimental test results are provided in Section 5.5, which validate
the proposed method.
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5.2. FRAMEWORK OF BLACK-BOX DNN-BASED STABILITY
ANALYSIS OF GRID-CONVERTER SYSTEM

5.2.1. SYSTEM DESCRIPTION

Renewables Power converter GRID

ﬁ o— N

Li R

Al L

Figure 5-1. Diagram of the renewables integrated grid-connected VSC system.

Figure 5-1 shows the relatively common topology of renewables integrated grid-
connected VSC systems. The input of the VVSC is connected with the renewables while
the output is connected with the power grid through the filter L and its parasitic
resistance Rir at the PCC. Grid impedance is denoted as Lgy. In such a system, the
inductor of VSC and power cables interact with the inner control loops of the VSC
resulting in oscillations and instability. On the other hand, the uncertainties of the
renewables and loads also bring the variation of operating points of the VSC, which
affect stability analysis of the interaction system. Therefore, it is of high importance
to develop a MOP-impedance model to study the interaction between VSC and grid,
and analyze the stability of the system.

5.2.2. FRAMEWORK DESCRIPTION

Figure 5-2 shows the double DNN-based stability analysis framework, which consists
of two implementation steps.

First is to develop the DNN-based MOP-impedance model. As the impedance model
of VSC varies with the operating point. To deal with operating point variations, the
operating point scanning measurement is carried out with various operating points. op
denotes the operating point set, which is a vector consisting of different types of
operating points (opl, op2...). And then the frequency scanning impedance
measurement is implemented to acquire the impedance spectrum in the full frequency
domain. With the data measured from the above procedure fed, the DNN is trained.
After the training, a DNN based MOP-impedance model is trained.

The second step is to develop the DNN based stability discrimination model. Based
on the DNN based MOP impedance model developed in the first step, as well as the
grid impedance model and generalized Nyquist criterion, the stability data can be
generated. Then the DNN based stability discrimination model can be constructed to
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show the stability probability state of the renewables integrated grid-connected VSC
system at variable operating points considering the uncertainties of renewables.

Finally, the stability region can be generated based on the discrimination model in the
second step by inputting the concerned operating point range into the discrimination

model.
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Figure 5-2. Proposed framework of the double DNN based stability analysis of grid-

converter interaction system.
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5.3. PROPOSED DNN BASED MOP-IMPEDANCE MODEL

The MOP-impedance model generation step employs the impedance measurement
and DNN training techniques to generate the MOP-impedance model. The
implementation consists of the MOP-impedance measurement and MOP-impedance
model training.

5.3.1. MOP-IMPEDANCE MEASUREMENT
The MOP-impedance data is acquired by the frequency scanning in different operating
points. Error! Reference source not found. shows the impedance measurement

diagram.

Follow the workflow described in Section 3, the impedance of the VSC is calculated

as following:
-1
7 _{de qu:|_|:vd1 Vd2:||:|d1 Id2:| (5.1)
dg — - .
‘ qu qu Vql qu Iql qu

where the Zqq is the dg-frame VSC impedance.

5.3.2. MOP-IMPEDANCE MODEL TRAINING

000+ 000
[OOOO&QOOO]
(O00O0 ‘TWCBOOO]

(00~ 00|

[ Operating Point \

Figure 5-3. DNN structure of MOP-impedance model.
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First, the DNN model is initialized based on the physical nature of the impedance.
The architecture adopted in this paper is a feed-forward neural network to represent a
highly non-linear function that maps the operating point of the VSC to its impedance
model [57]. A feedforward DNN shown in Figure 5-3 contains four layersrs, which
contain different numbers of neurons. The type of activation function in hidden
neurons is sigmoid, while the output neurons are linear. The random initialization is
suitable for impedance identification due to its high nonlinearity [58], [59].

The back-propagation is adopted to train the DNN model with the typical mean
squared error loss function [60-61], which is given by

132 2

MSE:WZZ(X:(W',b')—Xf) (5.2)

n=1d=1

where X¢ (w' , b') and X ¢ are the d-th calculated neurons and the training data index
respectively; (W', b') are the weights and bias to be trained.

During the learning process, a DNN is used to learn the mapping of the relationship
of impedance. It can automatically learn the complicated relationship to the
impedance from the operating points given the sufficient training samples. This
process needs to be executed several times and the impedance model is then generated.

5.4. DNN-BASED STABILITY DISCRIMINATION MODEL

A DNN-based stability discrimination model is proposed to generate the stability
condition of the grid-connected VSC system under changing operating points. As the
mapping from the operating points to the system stability condition is highly
nonlinear, the stability discrimination model is developed based on the DNN
technique with the developed MOP-impedance model in Section 5.3. The
implementation consists of the stability condition data generation and stability
discrimination model generation.
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5.4.1. STABILITY CONDITION DATA GENERATION

— 1 +—
Zinv +
V

" v

Figure 5-4. Equivalent circuit of interaction system.

The generalized Nyquist criterion is widely applied for the system stability assessment
of the MIMO system. The grid-converter system shown in Figure 5-2 is modeled as
two subsystems connected at the PCC. According to Thevenin’s theorem, each
subsystem is represented as the impedance in parallel with the voltage source which
is shown in Figure 5-4where Zi,, is the VSC impedance, which is developed in Section
11, while Zg is the equivalent grid impedance. The impedance ratio is given below

Le(jo) =Z,(jo)-Z;, (jo) (5.3)

The stability of grid-converter interaction system is predicted by the eigenlocus which
are the locus of the eigenvalues of the impedance ratio parameterized as a function of
frequency and is derived as

det[ A1 - Le(jw)]=0 (5.4)

If the impedance ratio Le(s) has P unstable poles, then the grid-connected VSC system
is stable only if the eigenlocus of the impedance ratio, take together, encircle the (-1,
jO) P times [62].

Based on the generalized Nyquist criterion theory, the stability condition at each
operating point can be discriminated and the stability condition data are generated.
The stability condition data consists of a feature space of operating points X and the
corresponding class label y (stable or unstable), which are represented as {(x1, y1), ...,
(xn, yn) }, where x contains four elements of the operating points (vg, Vg, ig, ig).

5.4.2. DNN-BASED STABILITY DISCRIMINATION MODEL TRAINING

The stability discrimination model is developed based on DNN due to the high
nonlinearity of the relationship.
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Figure 5-5. DNN structure of stability discrimination model.

The DNN adopted here is a feed-forward neural network with a logical regression
layer and serves as the multi-layer perceptron. As shown in Figure 5-7, the structure
of DNN-based stability discrimination mode contains four layers. The input of the
model is the operating point while the output is the stability probability. The activation
function in hidden layers is sigmoid, while the softmax function is embedded in the
output layer to generate the probability of stability [63], which is given by:

]

p(zl)

e” +e”
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where p(z1) denotes the probability of the output z;, here z; and z, are the output of the
neural nodes in the output layer, which represent the stable state and unstable state of
the system respectively.

The back-propagation with the logarithmic loss function is used to train the DNN
model [64]. The binary entropy function is the evaluation of the performance of
logical regression algorithms, which is given by:

LL=->t -InP, (5.6)
k

where t, denotes the label of the stable state in each reference sample, where ty is equal
to 1 when the system is stable, while Py denotes the probability of t. After the training
process, the DNN-based stability discrimination model that can be used for stability
analysis of the grid-converter interaction is generated.

5.5. CASE STUDIES

To verify the proposed method in Figure 5-2 it is applied to a VSC system in which
the VSC is controlled with the PR current controller and the phase-locked loop (PLL)
shown in Figure 5-6, where the detailed VSC parameters are shown in Table 5-1. The
VSC is synchronized to the power grid with the PLL. The power reference Prs and
Qe are varied with the renewables. The variation of grid voltage are also taken into
consideration. In this chapter, the voltage and current in dg-axis are selected as the
operating point, the relationship between these elements is shown below:

P=1,-V,+1,-V,
Q=1,V, +1,-V,
V
6 =arctan| — (5.7)
Vd
U=
cosé@

As shown in (5.7), the system operating point is dependent on the voltage and current.
Due to the PLL effect, the voltage of the VSC in the g-axis is aligned to the voltage
reference at PCC, i.e., vq = 0. Thus, the system operating point can be represented as
the vector (vg, ig, ig).

Following the proposed framework in Figure 5-2, , the MOP-impedance model is first
established with the operating-point-scanning impedance measurement technique and
DNN training technique; then the established impedance model is used for the DNN-
based stability discrimination model generation; at last, the stability region of the grid-
connected VSC system is generated with the stability discrimination model.
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5.5.1. MOP-IMPEDANCE MODEL

Symbol Description Value
Ve DC voltage 700 V
fow Switching frequency 10 kHz

fo Fundamental frequency 50 Hz
L+ Inverter inductor 3mH
Ruy Parasitic resistance of inverter inductor 0.9 mQ
Lg Grid inductor 18 mH

Ko Current controller parameters 2.8

Kr i Current controller parameters 1302

Kp_pii PLL parameters 31.41

Ki pn PLL parameters 16449

Table 5-1. VSC Parameters.

Symbol Range Interval
f 1 Hz to 100 Hz 1Hz
ly 0Ato20 A 1A
Iq -60 A to 60 A 20A
\ 300 V to 400 V 20V

Table 5-2. Training Dataset Parameters.
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Figure 5-6. Grid-connected VSC diagram.

The current perturbation is injected into the grid-connected VSC as shown in Figure
5-6 and after the calculation, the dataset is established. The inputs of the dataset are
the frequency and operating point, where frequency f, and the operating points lg, lg,
Vg are swept with the different ranges and intervals separately as shown in Table 5-2,
the outputs are the impedance of the VSC. The dataset structure is shown in Figure
5-7. To make the results easily visible, only the variation of lq is drawn in this thesis.
The obtained dataset is shown in Figure 5-8. Then the training dataset is fed into the
DNN as shown in Figure 5-3. After the training, the MOP-impedance model Yann is
generated as shown in Figure 5-9.

Mag

—

Pha

Y

Figure 5-7. Dataset structure.

The accuracy of the MOP-impedance model is evaluated by the index R?, which is
given by

R? =1—§i“(yi(xi)—fi(xi))zlzi:(yi(xi)—y)2 (5.8)

where X; denotes the operating point and frequency, yi denotes the reference
impedance data corresponding to the X; in the verification dataset, y denotes the
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average value, fi denotes the trained DNN model. In this thesis, the threshold of R? is

set to 0.99.
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Figure 5-8. Output impedance dataset of VSC.
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Figure 5-9. Generated MOP- impedance model of VSC.

5.5.2. DNN-BASED STABILITY DISCRIMINATION MODEL
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The grid impedance is a three-phase inductor, which is shown as

jorf-L, 0 0
Zpp=| O j2rf-L, 0 (5.9)
0 0 j2rf-L,

where f is the sweeping frequency. Then in dg-frame the grid impedance is written as
follow

z (5.10)

i2zf-L, 2zf,-L,
Wl 2rfy L, jemfeLy
where fo is the fundamental frequency. Thus, the impedance ratio at one operating
point is show below

Le(j2rf) =2, (j2xf)-Z2(j2x ) (5.11)

gdq inv
where Zin(j2xf) is the impedance at the frequency f that is obtained with the MOP-
impedance model generated above. Then calculate the eigenlocus of the system with

the sweeping frequency in the following equation
det[ A1 —Le(j2zf)]=0 (5.12)

The stability state of a grid-connected VSC system at the specific operating point is
predicted by analyzing the eigenlocus. By sweeping the operating point of the MOP-
impedance model, the stability state at the global operating points is obtained. Then
the stability state dataset is achieved.

The inputs of the dataset are the operating point, while the outputs are the stability

state of the grid-VSC interaction system. Then the dataset is fed into the DNN shown
in Figure 5-5 and the stability discrimination model is obtained.
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Figure 5-11. Experimental results of grid-connected VSC system at different operating points.
(a) Case I: operating point a, (b) Case Il: operating point b, (c) Case Ill: operating point c,
(d) Case IV: operating point d.
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Symbol la Iq V4 Stability
a 18 A 0A 311V -
b 18 A 0A 367V +
c 15A 12 A 311V -
d 15A 8A 311V +

Table 5-3. Stability Prediction at Different Operating Points.

The experimental tests are carried out for the system shown in Figure 5-6. The
experiment setup is shown in Figure 5-10. The dSPACE DS1007 is used to control
the VSC. Four random operating points are sent into the model, the predicted stability
conditions and the corresponding operating points are shown in Table 5-3, Figure 5-11
shows the corresponding experimental results, where the Vg, represents the grid
voltage and I, I, I are the output current of VSC. The experimental results can show
the utility of the proposed approach for stability estimation of the grid-converter
system.

5.5.3. STABILITY REGION ESTIMATION AND ACCURACY ANALYSIS

The stability region can be estimated using the generated DNN-based stability
discrimination model by sweeping the operating points. Figure 5-12 shows the
stability region of the system. The blue region is the stability region and the yellow
region denotes the unstable scenarios.
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Ig(A)
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Figure 5-12. Stability region of the power-electronics-based power system.
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Figure 5-13. Confusion matrix of the stability estimation model.

Massive experiments with random 400 operating points are conducted. The confusion
matrix of the model is shown in Figure 5-13, where P represents the actual stability
results in the data and N represents the predicted stability results in the data. The
accuracy of the model is 98.25 %, which can validate the accuracy of the model.

5.6. SUMMARY

This chapter has proposed a double DNN based black-box modeling and stability
region estimation method for the grid-converter interaction system with the changing
operating points, consisting of a DNN based MOP-impedance model and a DNN-
based stability discrimination model. The stability region can be accurately generated
by the proposed approach. The case study is conducted to demonstrate the utility of
the method.
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CHAPTER 6. CONCLUSION

6.1. CONCLUSION

The thesis investigates the modeling method for the stability analysis due to the wide
integration of power electronics in modern power systems.

»  Toaccurately model the VSCs considering the nonlinear part e.g., dead-time
effect, the mechanism of VSC is analyzed considering the current ripple. The
DIDF method is employed for nonlinear modeling. The presented impedance
model could accurately help the stability analysis of the grid-converter
system.

»  An ANN-based impedance identification method is developed in the Ph.D.
thesis to model the VSC at the changing operating points. A methodology
adopting the ANN technique for the VSC modeling is illustrated. The
designed case study is used to verify the superiority of the proposed method
to existing methods.

« Considering the data limitation in online impedance measurement, a new
impedance identification method using transfer learning for online
impedance identification of VSC under changing operating points is
proposed in the Ph.D. thesis. The partial physics of the VSC is used to
compress the artificial neural network, which can reduce the calculation
burden of online impedance identification. Meanwhile, the two-steps
impedance identification is developed with the inspiration of the transfer
learning theory to further increase the efficiency of the method. The proposed
method can be used for online impedance identification and stability analysis
effectively.

»  Touse the developed ANN-based impedance model for the stability analysis,
a double DNN based black-box modeling and stability region estimation
method is developed in the thesis for the grid-connected VSC system,
consisting of a DNN based MOP-impedance model and a DNN-based
stability discrimination model. The stability region of the grid-converter
system can be accurately obtained with the proposed method.

6.2. FUTURE WORK AND IMPROVEMENT

There are still some open questions left unaddressed in this Ph.D. project, which are
worth investigating in the future.
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In this thesis, only a single grid-tied converter system is discussed, the multi
converter system will have more challenges. The future study should expand
the proposed method in the multi converter power system, including different
types of converters.

The research about transfer learning based identification has the assumption
that the control structure is known. If the control structure is not available,
how to use the physical knowledge to accelerate the training process is a
problem. The future research should make this method more scalable.

It is meaningful to compare different machine learning methods in the
impedance model identification and give an overview on it.
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