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ABSTRACT

Abstract of thesis entitled: ~ Quantitative performance assessment and optimal
design of microgrid systems considering supply-
demand uncertainties

Submitted by : LUO Jianing

For the degree of Doctor of Philosophy

at The Hong Kong Polytechnic University in September 2022

Reducing carbon emissions and achieving carbon neutrality are urgent tasks for
sustainable development. High renewable energy penetration in power generation is
increasingly recognized as a solution to current environmental challenges and energy
crises. Microgrids, as efficient means, have received increasing attention due to their
potential to achieve high renewable energy penetration. Microgrid quantitative
assessment and optimal design play significant roles in achieving high renewable
energy penetration in power generation. However, quantitative approaches for the
microgrid performance assessment and some key indexes to quantify the microgrid
performance are still absent to provide the support and guideline for optimal microgrid
design. In addition, existing microgrid optimal design methods optimize microgrids
with simple assumptions for the demand-side variables. These methods are simple to
implement but may result in reduced security/reliability and higher investment cost as
the impacts of the demand-side systems on microgrid overall performance are not
quantitatively considered. A trade-off between system reliability and the overall cost

cannot be achieved.

This study, therefore, aims to develop assessment approaches to quantify microgrid

performance, including the economics, reliability (i.e., system adequacy and security),
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and renewable energy penetration, and to develop effective and comprehensive

optimal design methods considering the supply-demand sides simultaneously.

The contributions to the development of the microgrid quantitative assessment

approaches are listed below.

1. A multi-dimensional performance assessment approach for the convenient
assessment of microgrids is developed concerning their key performance indicators
(i.e., economics, reliability, and renewable energy penetration). An empirical cost
model is developed based on the Latin hypercube sampling (LHS) method, which can
effectively reduce the computation cost and achieve acceptable accuracy compared
with the conventional exhaustive method. The outputs of this work can effectively

quantify the multi-dimensional performance of the microgrid.

2. A quantitative approach is proposed to assess the security of microgrids' dynamic
load of power consumers. Two simplified generic transient models are developed
based on the ANOVA (analysis of variance) method to quantify chiller motor startup
performance, including inrush current and startup time. The microgrid blackout risk
and system wear potential can be effectively quantified using the proposed
quantitative approach and models. The quantitative approach and the utilization of the
simplified generic transient startup power models are tested and verified using a hotel
microgrid on a remote island. The outputs of this work can effectively quantify the
system security and system wear potential in the real application of the microgrid

design and chiller size determination.

3. A novel uncertainty-based reliability assessment approach is developed for
microgrids considering uncertainties at both supply and demand sides. A new

reliability index (named power inadequacy risk) is proposed, and a risk quantification
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method is developed to measure the risk/probability of power inadequacy under
uncertainties. The uncertainties at both supply and demand sides are detailedly

quantified using a bottom-up approach.

As for developing the optimal microgrid design, we proposed two methods to enhance

and trade off the microgrid reliability and economics, as summarized below.

1. A coordinated optimal design method is proposed for enhanced reliability and
economics of microgrids. The designs of supply and demand systems are optimized
simultaneously. Microgrid security is assessed quantitatively by considering the
impacts of demand-side systems and considered as the optimization constraints
together with the power supply adequacy. On the premise of ensuring power supply
adequacy, the system security is enhanced significantly while achieving 5% of overall

cost savings.

2. A robust optimal design method is proposed to obtain a trade-off between reliability
enhancement and cost saving. As for enhancement of reliability, a novel indicator
named power inadequacy risk is introduced by considering the supply-demand
uncertainties simultaneously to quantify the probability of power supply inadequacy,
which is used as a cost penalty in the optimization objective. In addition, the
applicability and difference of two commonly-used robust optimal objective functions
are analyzed, and their design solutions are compared with conventional optimization
methods. The maximum overall cost saving is up to 16.5%, and power inadequacy risk

is reduced by over 220 times maximum compared to existing optimal design methods.

iv



PUBLICATIONS ARISING FROM THIS THESIS

Journal Papers

[1] Jianing Luo, Hangxin Li, Shengwei Wang. (2022). A quantitative approach and
simplified generic transient motor startup power models for microgrids security

assessment. Sustainable Cities and Society, 83,103998.

[2] Jianing Luo, Hangxin Li, Gongsheng Huang, Shengwei Wang. (2022). A multi-
dimensional performance assessment framework for microgrids concerning renewable

penetration, reliability, and economics. Journal of Building Engineering. 63, 105508.

[3] Jianing Luo, Hangxin Li, Shengwei Wang. (2022). A quantitative reliability
assessment and risk quantification method for microgrids considering supply and

demand uncertainties. Applied Energy, 328,120130.

[4] Jianing Luo, Hangxin Li, Shengwei Wang. (2022). Coordinated optimal design
of islanded microgrids for enhanced reliability and economics based on a quantitative

security assessment. Renewable energy. (Under review).

[5] Jianing Luo, Hangxin Li, Shengwei Wang. (2022). Robust optimal design of
microgrids to enhance the reliability and economics considering the quantified power

inadequacy risk. Preparation.



Conference Papers

[1] Jianing Luo, Shengwei Wang, Hangxin Li. (2020). Taguchi-based sensitivity
analysis of the price fluctuations, CO2 penalty and system reliability quantification
in microgrid design. /th International Conference on Applied Energy. Paper ID

329. December 01 to 10, 2020, Bangkok / Virtual, Thailand.

[2] Jianing Luo, Shengwei Wang, Hangxin Li. (2021). A quantitative approach of
microgrid performance assessment at the planning stage. 7th Applied Energy
Symposium 2021: Low carbon cities and urban energy system. Paper 1D 79.

September 04 to 08. Matsue, Japan.

vi



ACKNOWLEDGEMENTS

First and foremost, I would like to express my deepest gratitude to my supervisor,
Professor Shengwei Wang, my supervisor, I benefited greatly from his excellent
guidance throughout my graduate studies. His readily available supervision, extensive
expertise, and charismatic personality enabled me to learn a lot during the research
period. I would also like to thank my co-supervisors, Dr. Hangxin Li, and Professor

Fu Xiao, for their suggestions and support throughout my Ph.D. study.

I would also like to express my heartfelt appreciation to all colleagues in the BEAR
research group, especially Dr. Kui Shan, Dr. Xiuming Li, Dr. Chaoqun Zhuang, Dr.
Chong Zhang, Dr. Zhuang Zheng, and Dr. Huilong Wang. Their talents and diligence

always inspire and encourage me to be better.

Finally, I am truly grateful for my family's love, support, and patience. Without them,
I would not have been able to thrive in my doctoral program. I am incredibly grateful
for those friends who have provided tacit and powerful support over the past three
years. Without their love and support, this research work would not have been finished

possible. This thesis is dedicated to them.

vii



TABLE OF CONTENTS

CERTIFICATE OF ORIGINALITY i
ABSTRACT .cucuieiriieinisaisissississssssssssssisssssssssssssssssssssssssssssssssssssossssssssssssssssssssssnssnss ii
PUBLICATIONS ARISING FROM THIS THESIS .....ccocivvierinrensensensansansassanssssnees \4
ACKNOWLEDGEMENTS vii
TABLE OF CONTENTS viii
LIST OF FIGURES .......ccoevurvuevuecennenne i
LIST OF TABLES .....ccccevuvvurnurcnecnecnenes vi
NOMENCLATURE.......uiviricrecrenennns i
CHAPTER 1 INTRODUCTION 1
1.1 Background and mMoOtiVAtION ........cccueeruieiiieiiieeieeieeeie et ere e eteeseae v seeeennees 1
1.2 AIM aNd ODJECLIVES....ccuviiiieiiieeiieeie ettt ettt ettt eebe e saeebeessaeenseensneensees 4
1.3 Organization of this thesiS........ccueeeiiiiiiriiieiieeiieeee e 5
CHAPTER 2 LITERATURE REVIEW 9
2.1 Overview of microgrid iINVEStIZAtioN .........cceerveerrieeiieriieeieeniee e eseee e see e 9

2.1.1 Microgrid definition and operation modes..........ccceeeeveereeecieereeenreennennnenn 9

2.1.2 Worldwide development ...........cccecveeeiieeieeniienieeieesee e 11
2.2 Microgrid assessment approaches and reliability analysis .........cccccceevveeiiiennnnns 13

2.2.1 Microgrid assessment approaches...........ccoeeeeeveeiieenieenieenie e 13

2.2.2 Reliability definition and classification............ccccevveererienienenienceienee. 14

viii



2.2.3 Reliability solutions and challenges.............ccoecueeiiiniiniinniieiiieieeee 15

2.2.4 Reliability assessment approaches and summary of the reliability indexes

................................................................................................................ 19

2.3 Optimal design of MICTOZIIAS .....eevveeriieiiieiieiie et 21
2.3.1 Supply-demand profiles considered in optimal design ............ccceeueenee. 21
2.3.2 Optimal design of microgrid considering the reliability impacts............ 22
2.3.3 Energy efficiency consideration in design optimization......................... 24

2.4 Uncertainty quantitation analysis and robust optimal design ...........cc.cccecueenneenn. 25
2.4.1 Uncertainties quantification methods and analysis.........c..ccccervvereenuennne. 25
2.4.2 Robust optimal design methods concerning the uncertainties................. 25

2.5 SUITIMATY ..eeiiiiiiiiieeiiie ettt ettt e et e et e et e e sttt e st e e sabeeesabeeesaseeesabeesnaneeennseesnns 27

CHAPTER 3 REFERENCE HOTEL MICROGRID AND HOTEL

MICROGRID SIMULATION MODEL 30
3.1 Description of the reference hotel microgrid............cocoveevieniieiiiniiieiiecieeee 30
3.1.1 Basic information of the hotel...........ccccociniiiiiiiniie, 30
3.1.2 Configuration of hotel microgrid energy system ............cccceeveveruveenennne. 32
3.2 Microgrid simulation model............cccieiiiiiiiiiiriieiee e 32
3.2.1 Power generation MOdels ..........ceevuiiiiiiiiiieiiieiieeieee e 32
3.2.2 Demand-side energy system model ............cccoovieriiiiiiiniiienieiieeeee 34
3.2.3 Energy storage model..........cccooviiiiiiiiiiiiieeii e 35
3.3 Microgrid system control mechanisSme............cccocceeeviieriiienieniiienieie e 36

X



34 SUIMIMATY ..ottt et ettt e sere e e s eaee 37

CHAPTER 4 A MULTI-DIMENSIONAL PERFORMANCE ASSESSMENT

FRAMEWORK FOR MICROGRIDS CONCERNING RENEWABLE

PENETRATION, RELIABILITY, AND ECONOMICS 38
4.1 Quantitative assessment framework and procedure...........cccoevveriiieneeeieeneennnen. 38
4.1.1 Outline of the quantitative assessment framework ..............ccccceeeveeneenne. 38
4.1.2 Quantification of the key microgrid performance indicators.................. 40
4.1.3 Empirical cost model of microgrids...........cccceveeriiieniiiiiieniieiieieeee 41
4.2 An overview of the validation Case..........cccoeevierieriinieniienteeeee e 42
4.2.1 Overview of the microgrid system and its model development.............. 42
4.2.2 Energy system control Strategy ..........ccceeeeeerierieeiiienieeiiesieeieeeee e 42
4.2.3 Main microgrid design parameters concerned ............coceveererieneeniennne. 42
4.3 Model development, validation and computation cost assessment..................... 44
4.3.1 Empirical cost model developed..........cccceeviiiniiiiiiiniieiieieeeee e 44
4.3.2 Model accuracy validation and computation cost assessment................. 45

4.3.3 Results of the model accuracy validation and computation cost assessment

4.4 Microgrid performance assessment results and analysis ..........ccccceeveeevieeneennen. 49

4.4.1 Opverall correlations among REP, reliability, and overall cost of microgrid

adopting different energy portfolios ..........ccoeceevieriienieniienieeeeeeeen 49

4.4.2 Renewable energy penetration Vs €CONOMICS......ccueerureerreerereerreerueeaveennns 50



443

Reliability VS €CONOMICS .....ccueeriiiiiiiiiieiieeiie et 53

4.5 SUMIMATY ..eouviiiiiiiiieiieeee ettt sttt et ettt sat e et e saneebeeseneenbeesanees 55

CHAPTER 5 A QUANTITATIVE APPROACH AND SIMPLIFIED GENERIC

TRANSIENT MOTOR STARTUP POWER MODELS FOR MICROGRIDS

SECURITY ASSESSMENT 56
5.1 Procedure and method of quantitative security assessment..........cc.ccoceevveeeenneee 56
5.1.1 Outline of security assessments quantification procedure and method...56
5.1.2 Determination of microgrid transient load capacity........c..ccccevvvereeuenee. 58
5.1.3 Introduction of equivalent overloaded load ...........ccccoovviniiiiniincnnennne. 59
5.1.4 Formulation of the quantitative approach ............cccoeceeviiiniiniiinineene, 60

5.2 Development and validation of transient startup power models for chillers/motors

63
5.2.1 Basic assumption and feature of models, and the model development
PTOCEAUIE ..ottt e et e e rre e e e e e tae e e taeesaraeesaseeesaseeensseens 63
5.2.2 Identification of input variables of significance and model inputs.......... 66
5.2.3 Inrush current model and startup time model developed........................ 66
5.2.4 Identification of inputs for inrush current and startup time models........ 68
5.2.5 Identification of model coefficients and fitness verification................... 70
5.2.6 Model validation .........coceeieriiiiienieniiiiecieeee et 73
5.3 Security assessment and assesSMeNnt reSUltS..........oecveerveerierieeniienieeieeee e 74
5.3.1 Overview of the microgrid assessed and estimation of annual inrush load-

embedded dynamic load profile............ccoooiiiiiiiiniiiniiee, 74

xi



5.3.2 Results of risk-based microgrid capacity quantification and analysis ....77
5.3.3 Results of microgrid system wear potential quantification and analysis 79
54 SUIMMATY .cniiiiiiiieiieee ettt et e et e et e e sttt e sabeeesabeeesabeeeabeeenanes 80

CHAPTER 6 COORDINATED OPTIMAL DESIGN OF ISLANDED

MICROGRIDS FOR ENHANCED RELIABILITY AND ECONOMICS BASED

ON QUANTITATIVE SECURITY ASSESSMENT 81
6.1 Procedure and objectives of coordinated optimal design............ccoceeevuierueeennennee. 81
6.1.1 Procedure and the major StePS.........ccevueeriieriiienieiiieie e 81
6.1.2 Optimization objectives for microgrid optimal design ..........ccccveeueennee. 84
6.1.3 Constraints for microgrid system design..........cccecueeveeniienieniiienieeieenne 86
6.2 Overview of the design case study and the microgrid system models................ 88
6.2.1 Description of the microgrid and its control strategies ..........c..cceceeunnee. 88
6.2.2 Basic information of the design variables and their search ranges......... 88
6.3 Results of optimization case studies and performance analysis .............cccu.e..... 91
6.3.1 Overview of the optimiZation CASES ..........cccueerreerieeniierieeriieeieeniee e 91
6.3.2 Results of microgrid design optimization ............cccceceevcueeniveeieeneeeneene. 92
6.3.3 Performance analysis and compariSon ...........c.cceeecveerueenieeniesiieeneeeieenees 93
0.4 SUIMMATY ..vitiiiiiieeiiee ettt e et e st e e e bt e e st eesabeeesabeeesnseesnsbeesnnnes 97

CHAPTER 7 A QUANTITATIVE RELIABILITY ASSESSMENT AND RISK
QUANTIFICATION METHOD FOR MICROGRIDS CONSIDERING

SUPPLY AND DEMAND UNCERTAINTIES 99

xii



7.1 Uncertainty-based quantitative approach for microgrid reliability assessment..99
7.1.1 Outline of the proposed reliability assessment approach........................ 99
7.1.2 Quantification of uncertainties in power generation and consumption. 101

7.1.3 Uncertainty-based power inadequacy risk quantification for microgrid

reliability aSSESSMENT .....cc.eeiiiiiieiiieiie ettt 103

7.1.4 Reliability performance assessment using the commonly-used indexes

7.2 Basic information and its distributions of the main uncertain parameters

concerned for the test CASE ........evuiriiriiiiiriieeeeeee e 106
7.2.1 Basic information for the test Case .........ccevirviiierieiiiienieeeeie e 106
7.2.2 Distributions of the main uncertain parameters concerned................... 107
7.3 Test results and reliability performance analysis...........ccccceevieviiieneeniieeninennen. 108

7.3.1 Distributions of power generation and consumption under uncertainties

7.3.2 Results of power inadequacy risk quantification ............cccceevveeciiennnne 111

7.3.3 Results of reliability performance assessment using commonly-used

IIAEXES ettt e e e e e e e e e e e e e e e e e e e e e eeaaaaeeeeereeaeeaaaaaaaeeaes 116

7.3.4 Impacts of backup power generator capacity on microgrid reliability

PEITOTIMANCE .....eeeiieeiie ettt et e et e e s rae e e bee e reeeenreeeenes 117

T4 SUIMNMATY .eeniiieiitieiiieeeite ettt ettt e et eesite e sttt e sbteesabteessbeeesabeeenaseessnneesnns 119

xiii



CHAPTER 8 ROBUST OPTIMAL DESIGN OF MICROGRIDS TO

ENHANCE THE RELIABILITY AND ECONOMICS CONSIDERING THE

QUANTIFIED POWER INADEQUACY RISK 120
8.1 Procedure and objectives of robust optimal design ...........ccceeveeriiienieriiienenne 120
8.1.1 Approach and steps of robust design optimization ............cccceeeueeeuneenee. 120
8.1.2 Optimization objectives for microgrid optimal design .........c...ccceeuneeee. 122

8.1.3 Quantification of uncertainties in power generation and consumption. 123

8.1.4 Reliability constraints and power inadequacy risk quantification ........ 124

8.2 Basic information of the microgrid and model development .............ccccceueeeee. 125

8.2.1 Design variables concerned and basic data of energy system parameters

.............................................................................................................. 125

8.2.2 Parameter uncertainty quantifications............cccccceeveeerieenieenienieeieene 127

8.3 Results of optimization case studies and performance analysis ....................... 128
8.3.1 Basic information of the proposed cases and their design results......... 128
8.3.2 Comparison and analysis of the economic performance....................... 130
8.3.3 Comparison and analysis of the reliability performance....................... 133
8.3.4 Energy use efficiency performance comparison and analysis .............. 136

8.4 Discussion on microgrid optimization developments considering different

1eliability TEQUITEMENTS .....eeiviieeiieeeiieeciee et e et et eeeee et eesbeeesreeesebeeeanee s 138
8.5 SUMMATY ...eiiiiiiiiie ettt et e st e et e e eeeaes 139
CHAPTER 9 CONCLUSIONS AND FUTURE WORK 140

Xiv



9.1 Summary of main CONtIIBULIONS.....c..cevueriiriiriiiiiriieeeice e 140

0.2 CONCIUSIONS e ee ettt e e e e e e e e e e e e aeaeeeeeeeaeaaaaaaeeeeerenanans 141
9.3 Recommendations fOr fUtUIe WOTK ...........eeeeeeeeeeeeeeeeeee e 147
REFERENCES .....cotteuceerreneeceneenennes 149

XV



LIST OF FIGURES

Figure 3.1 Overview of the building microgrid location .............cccecvveeeieeenieeennennns 31
Figure 3.2 Annual solar radiation and wind velocity in this location........................ 31
Figure 3.3 Configuration of the hotel microgrid energy systems. ........ccceeeevveerneennee 32
Figure 3.4 Relative COP of chillers at different load ratios........c..ccccceeeieenieniennnenne 35
Figure 3.5 Flowchart of the Microgrid system control mechanism.............c.c.ccuo...... 37
Figure 4.1 The framework of the microgrid quantitative assessment........................ 39

Figure 4.2 R-squared values of empirical cost model concerning different powers of

the INPUL VATIADIES ...ecceiiieiiiecie e e s 45

Figure 4.3 A comparison between accuracy and computation cost of the empirical cost

Figure 4.4 Correlation among three microgrid performance indicators .................... 50

Figure 4.5 The correlations between REP and economics of the different microgrid

energy portfolios under different reliabilities ............cccveviiriiieniiiiiieniieiieee e 51

Figure 4.6 Monthly microgrid power and load profiles under two renewable energy

PENELIALION SCEMATIOS .. vveeuereerrrerireerrentieeseesereeseessseeseessseesseessseaseessseesseesssessseesssesssees 53

Figure 4.7 Quantification results of the reliability and the economics....................... 53

Figure 4.8 Monthly microgrid power and load profiles under two reliability

TEQUITEIMEIIES ....eevviieivieiieetieeiteeteeseteeteesteeesseessseesseessseesseessseessaeasseeseessseenseessseenseesnses 54

Figure 5.1 Outline of the proposed security assessment............c.ceevveeeveereeesreennvennnenn 58

Figure 5.2 Schematic representation of the microgrid operation states..................... 59

i



Figure 5.3 Functions of the failure probabilities in different partial load ratios........ 62

Figure 5.4 Schematic representation of inrush current waveform and basic assumption

of inrush current calculation ..........cccceceeviiiiiniiiiiiii e 64
Figure 5.5 Procedure of the model development ............cccooviiniiiiiiiniininiinicee 65
Figure 5.6 Identification of inrush current model inputs of significance................... 69
Figure 5.7 Identification of startup time model inputs of significance...................... 70

Figure 5.8 Actual residuals (a) and standardized residuals (b) of linear and nonlinear

inrush current Models..........ccooiiiiiiiiiiii e 71
Figure 5.9 Fitness verification of the two inrush current models ...........cccceceeveennnne 72
Figure 5.10 Actual residual and standardized residual for the startup time model....72
Figure 5.11 Fitness verification of the startup time model ............cccccvvviiinininncnne 73

Figure 5.12 The profile of the annual dynamic cooling load (a) and dynamic electrical

load (b) in the hotel MICTOZIid .......cccviiiiiiiiieiiee e 75

Figure 5.13 Three scenarios of the monthly number of the chillers in operation and
their inrush load-embedded dynamic load profiles of the microgrid employing three

AIfTErent SIZES OF CHILLETS ..enneee et e e e e e e e e e ns 77

Figure 5.14 The microgrid blackout risk quantification in the overloaded cases among

the different MoOtor CAPACILY TALIOS ..eeevvieeiiieeiieeeiieeeiee et e e eeeeree e s 79

Figure 5.15 System wear potential quantification among the different motor capacity

ii



Figure 6.1 Outline of the conventional optimal design method and the proposed
coordinated optimal design method for power generation and demand-side systems of

TICTOZIIAS ..ottt ettt ettt e st e et e sat e e beesabe e bt e sateeaeeenseeseesnseas 84
Figure 6.2 The unit price of the chiller under different sizes..........cccccocveveriinienncne 91

Figure 6.3 Cost of the optimal microgrid system designs given by the coordinated and

the conventional OPtIMIZATION .........eecuiiiiiieiiieiie e 94

Figure 6.4 Transient load ratios during the chiller startup and the number of the chiller

startup times in these tWo deSIZN CASES ......eevieruieeiieriiieiieie et 95

Figure 6.5 Annual COP profiles of the optimized chillers given by the coordinated and

the conventional OPtIMIZATION .........ceviiiiieiiieiie e 96

Figure 7.1 Procedure of the proposed uncertainty-based reliability assessment

APPTOACKH ...ttt 101

Figure 7.2 Schematic microgrid supply-demand profiles in the conventional reliability

assessment (a) and uncertainty-based reliability assessment (b) ........cccccveevveeenenn. 104

Figure 7.3 Distribution of hourly renewable power generation and its cumulative

dEeNSItY FUNCHIOMN ... .eiiiiiiiiiie ettt e e e e e e e ebeeeareeesaseeennnee s 109

Figure 7.4 Distribution of the hourly microgrid load and its cumulative density

Figure 7.5 Hourly minimum and maximum available generation capacity and power

consumption generated using the proposed approach...........cecceevierieenieiiceninnnnen. 111

Figure 7.6 Hourly available generation capacity and power consumption generated

using the conventional approach...........ccoeoiiiiiiiiiiiiiee e 111

Figure 7.7 Distribution of outage power and its cumulative density function......... 112

il



Figure 7.8 Average hourly power inadequacy risk of the test microgrid under

UTICETTAIIIEIES e eeeeeeeeee e e e e e e e ee et e e eeeeeeeeeee e aeeeeeeeeeeanaaaeeeeeeseaeeenaaaeeeeeeeennnaaaaens 113

Figure 7.9 Average monthly power inadequacy risk of the test microgrid under

UNCETEAINTIES ooieeeeiieieeeeee et 114

Figure 7.10 24-hour average power inadequacy risk of the test microgrid under

UNCETEAINEIES 1ooeieeeieeieeeee ettt 115

Figure 7.11 ELF values under different backup power generator capacities when

uncertainties are CONSIAETE ........oooiiiiiiiiiiiiii 118

Figure 7.12 Power inadequacy risks under different backup power generator capacities

when uncertainties are CONSIAETE ........ooovvviiiiiiiiiii 119

Figure 8.1 Outline of the proposed robust optimal design method of the microgrid

Figure 8.2 The optimization process for the proposed optimization cases.............. 129
Figure 8.3 Cost results of different items among the different optimization cases..132

Figure 8.4 Results of the overall cost and the comparison ratios among these

OPHIMIZATION CASES ..eeuvveeeereeeirieesreeeiieeessteeessteeassseesssseessseessseeasseeessseeessseesssseesnssees 133
Figure 8.5 Power inadequacy risk performance among four cases..............ccceeneee. 135

Figure 8.6 Quantification of the impacts of the power inadequacy risk on microgrid

ECOTIOMIIICS . ettt e eee e e e e et e e e e e e e e e e eeea e eeaeeeeeeeaae e aaeseeeeeeaaanaaaeseeeeeneaenaaaeeeeeeenannnnns 136

Figure 8.7 Comparison results of the COP profiles between Case 1 and Reference case

R2 and the corresponding cooling load profile...........ccoooieiiiiiiiiiiiiieee, 137

Figure 8.8 Overall cost results under different average operation COP values....... 138

iv



Figure 8.9 Summary of the microgrid optimization developments considering different

reliability TeQUITEMENTS ......cc.eiiiiiiieiiieiie ettt 139



LIST OF TABLES

Table 2.1 Summary characteristics of four representative projects in USA .............. 12

Table 2.2 Categories of peak current, its causes and solutions (Hwang and Lou, 1998)

.................................................................................................................................... 17
Table 2.3 Summary of the commonly used reliability indexes............ccccvevverciiennnnnn. 21
Table 4.1 Microgrid variables and their range at the planning stage..............c.......... 42
Table 4.2 Basic data of microgrid hybrid power generation system™ ....................... 43

Table 4.1 Microgrid variables concerned with the reference model development....46

Table 4.4 The detailed specifications of the adopted computer...........cccceeeveecirennnnn. 47
Table 4.5 Accuracy and computation cost of empirical cost models........................ 48
Table 5.1 List of motor specifications and model inputs............cccceerveeeiierieeiieennnenns 66
Table 5.2 Detailed information of the inrush current model.............ccccoeoeriininnnnnee. 67
Table 5.3 Detailed information of the startup time model............c.cccceevvieniiniiiennnns 67
Table 5.4 Model validation reSults...........ccecerieririiniinieerereeeeeeee e 74
Table 6.1 Design parameters to be optimized and their searching ranges................. 89
Table 6.2 Basic performance and cost data of the main microgrid facilities™*........... 90

Table 6.3 Optimal design solutions given by the two optimal design methods......... 93

Table 6.4 Renewable energy penetration in the optimized microgrid systems given by

the coordinated and the conventional OptimizZation .............ccceeeeveereeeciieneeenieeneeennenn 97
Table 7.1 Sizes of the hotel microgrid system components.............cccceeeveeveenerennen. 107
Table 7.2 Main uncertain parameters and their distributions concerned ................. 108

vi



Table 7.3 Results of reliability performance assessment using commonly-used indexes

Table 8.1 Key microgrid design parameters and their searching ranges ................. 126

Table 8.2 Basic information and cost data of the microgrid and its energy systems *

Table 8.4 Basic information of the proposed cases ..........ccecueeveeriiiiiienieeiienieee. 129
Table 8.5 Optimal design results of the microgrid between Case 1 and Case 2......129
Table 8.6 Optimal design results of the microgrid among these cases..................... 130
Table 8.7 Reliability performance for these optimization cases..........c.cceeeueerevennne. 134

Table 8.8 Results of the energy efficiency among the different optimization cases 136

vii



Congpg

Capchi
Capnnc
C}aak

Cini
Cbpt

Cénu

Icurrent

ICS
K, PV

Lequ

NOMENCLATURE

Total area of PV panels

Natural gas consumption

Chiller capacity

Microgrid capacity

The initial cost of the kth facility
Microgrid overall cost

Initial cost

Operation cost

Carbon emission cost

Cooling load

Coefficient of performance

Total of days

Validated values from the actual performance data
Battery storage

Relative error of the model

Function of the overall objective
Function of the cost

Function of the carbon emission

Failure probability

Distribution of the /™ uncertain parameter
The number of the total steps

Inrush current

Inrush current shock

Temperature coefficient

The equivalent overloaded load

The overloaded load

The Average value of the validated values
Model accuracy

Number of total data points

Number of overloaded cases

The number of the chiller startup at the time t

Battery power discharging



Rad
Rpi,ave
RWAT

Racom

Tamp
Trer
Tstartup
AT
UPyas

A Vupper
AViower

Vwind

Power consumption of electrical chiller
Occurrence probabilities

Power inadequacy occurrence index
Renewable power usage

Power consumption of chillers

Power consumption at time step ¢

Power generation at time step ¢

Power generated from wind source

Power generated from solar radiation
Backup power generation from natural gas
Primary energy consumption price

Battery power charging

Number of the adjustable model parameters
Reliability

Power inadequacy risk

Solar radiation per area

Average power inadequacy risk

Risk of system wear and tear

Accumulated annual number of the microgrid blackout times
Annual average failure probability of overloaded cases
Validated values from prediction by the models
Timestep

Ambient temperature

PV panels reference temperatures

Startup time

The reference duration

Unit price of the gas generator

Upper boundary difference

Lower boundary difference

Wind speeds

n™ uncertain parameters/inputs

Distribution of outputs

The total years of the life cycle

ii



Subscripts

ANOVA

CAIFT

CDF
CVRMSE
EENS

ELF
FMEA
GA
HVAC
ICS
LHS
LOEFE
LOLE
LPSP
MCS
MBR
NMBE
REP
SAIDI
SAIFI
SaF
SuF
SwWpP
T™MY
ave
amb
bat

c

dem
emi

fac

max

ov

ref
sup

Analysis of variance
Customer Average Interruption Frequency Index

Cumulative density function

Coefficient of Variance of the Root Mean Square Error
Expected Energy not Supplied

Equivalent Loss Factor

Failure mode and effects analysis
Genetic algorithm

Heating, ventilation, and air conditioning
Inrush current shock

Latin hypercube sampling

Loss of Energy Expected

Loss of Load Expected

Loss of Power Supply Probability

Monte Carlo simulation

Microgrid blackout risk

Normalized Mean Bias Error

Renewable energy penetration

System Average Interruption Duration Index
System Average Interruption Frequency Index
Safety factor

Surge factor

System wear potential

Typical meteorological year

average

ambient

battery

cooling system

demand

carbon emission

facility

the maximum value

the minimum value

overall

reference

supply

il



Greek symbols

NBpG
Npv
Nch
Ndch

Acop
w

4

Backup power generator efficiency
Overall efficiency of PV panels
Charging efficiency

Discharging efficiency

Relative COP

Weight ratio
Standard deviation

iv



CHAPTER 1 INTRODUCTION

1.1 Background and motivation

Currently, the world is facing significant challenges of energy crisis and
environmental pollution due to the increasing consumption of fossil fuels. Yearly
carbon emissions have grown continuously from 1.3% to 2.2% in the last thirty years
(IPCC, 2014). Urgent measures, such as energy-eftficient technologies and essential

policy support, are necessary to address these critical energy and environmental issues.

Global governments are setting ambitious goals toward carbon neutrality. China will
scale up its contribution to these issues and aims to reach peak CO2 emissions by 2030
and achieve carbon neutrality before 2060 (IEA, 2020). Besides, the Committee on
Industry, Research and Energy (ITRE) of the European Union (EU) announced in
2022 that the EU aims to become the first climate-neutral continent by 2050 (EEA,
2022). To deliver on this ambition, the different measures and technologies in the

energy sector are investigated and tested.

In addition to government policies, renewable resources provide a promising means
to address these critical energy and environmental issues. Renewable energy
technologies, particularly solar and wind energy, are studied. The deployments of the
renewable energy system in different forms and scales are investigated and tested.
Among different types of renewable energy systems, microgrids have gained great
interest in academia and practical engineering due to their enormous potential to

secure a sustainable power supply with high renewable energy penetration.

As a new type of power generation system, a microgrid can be used as an effective

supplement to the traditional power system. Power generation from renewable
1



resources is used to meet the demand, which can significantly decrease the

consumption of fossil fuels.

Due to their advantages, microgrid technologies are experiencing an increasing
application as a sustainable power generation system worldwide. For instance, a
physical microgrid integrated with a virtual community energy market platform is
developed in Brooklyn, New York (Mengelkamp et al., 2018). Renewable power
generators and backup power generators, as the critical components of the physical
microgrid, are used to provide the power supply. Both power consumers and
prosumers can achieve economic profits from microgrid technologies. The microgrid
system can provide incentives for investments and effectively decrease the

consumption of fossil fuels.

In the future, the microgrid system will be more widely applied than the traditional
fossil-fuel-fired power generation system with the progress made in new technologies
and the increased costs of traditional fossil fuels. However, the development of
microgrids at the planning and design stages is still faced with many technical

challenges:

Firstly, microgrid performance assessment methods and tools at the planning and
design stages are essential. These methods are valuable in providing insights for
decision-makers regarding their multiple key performance indicators, including
renewable penetration, reliability, and economics. However, most existing studies
focus on or are limited to assessing the impacts using a single performance indicator,
or the performance indicators are considered separately. The interactions among
multiple performance indicators have not been considered due to the high computation

costs. There is a need for an effective and simple multi-dimensional microgrid



performance assessment method with relatively lower computation costs in the
quantitative calculation process while considering three key indicators (i.e., renewable

penetration, reliability, and economics) together.

Secondly, enhancement of the security of the microgrids is another significant measure
to secure the system's reliable operation. The ability of microgrids to cope with internal
disruptions (e.g., peak inrush current, short-circuit current, etc.) is usually much
weaker than the main grid due to the smaller capacity. Here, the microgrid capacity is
the maximum load that can be carried by the system (Khodaei and Shahidehpour, 2012;
Miner et al., 2018), which is associated with the capacities of the main electrical
equipment and devices (e.g., inverters, rectifiers, electrical cables, etc.). Expanding
capacity and setting peak current limits are effective solutions. However, expanding
microgrid capacity on the supply side is costly. Setting a peak current limit can reduce
the magnitude of the peak current but requires careful design and operation on the
demand side. Currently, the microgrid capacity is determined using safety and surge
factors to meet the security requirement. It is a simple solution but may result in
reduced security and higher investment costs as the impacts of the demand-side
systems on microgrid security are not quantitatively considered. An effective security
indicator is needed considering the demand-side impacts, and it should provide
support and guideline in microgrid optimal design. In addition, using the new security
indicator as the optimization constraint, a novel coordinated optimal design method of

microgrids is needed to enhance security and economics simultaneously.

Thirdly, microgrid renewable energy generations such as wind turbines and solar
photovoltaics (PV) can be considered as promising solutions to supply power with low
emissions. However, their intermittent and fluctuating features threaten the system's

reliability (i.e., power supply adequacy). Especially in an islanded microgrid, the
3



reliability issue is more critical due to no power charging from the main grids. The
conventional solutions are conducting the microgrid reliability assessment and setting
the reliability indexes as a constraint in the design optimization. However, the power
supply inadequacy risk due to uncertainties is commonly ignored. The development
of an effective, robust microgrid optimal design method considering both uncertainty-

based risk quantitation and reliability constraint is needed.

1.2 Aim and objectives

This study aims to provide essential and quantitative microgrid assessment methods
and develop effective and comprehensive microgrid optimal design methods based on
assessment results from the proposed assessment methods. It is accomplished by

addressing the following objectives:

1. Construct a dynamic simulation platform for an islanded hotel microgrid system
and simulate the microgrid system performance dynamically and accurately in the
islanded mode for testing and validating the assessment and design methods developed

in this thesis.

2. Develop and validate a novel multi-dimensional (i.e., renewable penetration,
reliability, and economics) performance assessment approach for the microgrid
systems. The assessment method is expected to reduce the computation costs while

meeting the accuracy requirement.

3. Develop a quantitative approach to assess the security of microgrid dynamic load
of power consumers and propose a simplified method to quantify chiller motor startup
performance, including inrush current and startup time. The assessment method is

expected to quantify the system security and wear potential in the real application of



the microgrid design and chiller size determination, which can provide a guideline to

enhance the system security in further microgrid optimal design.

4. Develop a coordinated optimal design method for microgrids to enhance their
security and economics. The method is expected to obtain the global optimal design
solution, which needs to simultaneously optimize microgrid supply and demand

systems.

5. Develop a quantitative reliability assessment and risk quantification method for
microgrids with consideration of system uncertainties. The assessment method is
expected to consider the supply and demand uncertainties together. The proposed
novel risk index (named power inadequacy risk) can effectively quantify the risk of
power supply inadequacy due to uncertainties. The impacts of uncertainties on system

power supply adequacy can be quantified, and the system reliability can be enhanced.

6. Develop a robust optimal design method for microgrids to enhance their reliability
and economics based on the quantified power inadequacy risk. The method is expected
to effectively avoid the impacts of uncertain microgrid supply-demand variables on
microgrid power supply adequacy and enhance the system's performance under

uncertain operating conditions.

1.3 Organization of this thesis

Chapter 1 introduces the background and the motivation of this study on microgrid
systems. The critical challenges for the microgrid quantitative assessment and its

optimal design are presented and discussed, as well as the research aim and objectives.

Chapter 2 presents a comprehensive literature review of related existing studies,

including an overview of quantitative assessment, reliability analysis, and optimal



design for microgrid systems. The assessment approaches are introduced, which
mainly include two main categories, i.e., the deterministic approach and the stochastic
approach. Then the reliability analysis, including the reliability definition, categories,
and existing quantitative indexes, is presented. Next, the design optimizations are
introduced in terms of the design optimization methods and reliability considerations.
Besides, the uncertainty analysis for microgrids is reviewed, including the uncertainty
quantification methods on the supply and demand sides and the robust optimal design

methods. This chapter also elaborates on the research gaps addressed in this thesis.

Chapter 3 describes the development of the microgrid model, the energy system
configurations, and its operating principles. A hotel microgrid is selected as the
reference microgrid in this study. The microgrid model consists of power generation
models (i.e., renewable power generation models and a backup power generation

model), a battery storage model, and demand-side power generation models.

Chapter 4 presents a multi-dimensional performance assessment approach for
microgrids concerning renewable energy penetration, reliability, and economics. An
empirical cost model is developed based on the Latin hypercube sampling (LHS)
method, which can effectively reduce the computation costs while meeting the
accuracy requirement. The proposed assessment method is validated on the developed
hotel microgrid. Its performance in deviation and computation costs is evaluated by

comparing it with the exhaustive searching method (ESM).

Chapter 5 presents a quantitative security assessment approach concerning the
microgrid dynamic load of power consumers. Two simplified generic transient models
are developed based on the ANOVA (analysis of variance) method to quantify chiller

motor startup performance, including inrush current and startup time. The proposed



quantitative approach can effectively quantify the microgrid blackout risk and system
wear potential. The quantitative method and the utilization of the simplified generic
transient startup power models are tested and verified using a hotel microgrid on a

remote island.

Chapter 6 presents a novel uncertainty-based reliability assessment approach for
microgrids considering uncertainties at both supply and demand sides. A new
reliability index is proposed, and a risk quantification method is developed to measure
the risk/probability of power inadequacy under uncertainties. The uncertainties at both
supply and demand sides are detailedly quantified using a bottom-up approach. The
proposed reliability assessment approach and risk quantification method are tested on

the developed hotel microgrid.

Chapter 7 presents a coordinated microgrid optimal design method for enhancing the
security and economics of microgrids. The design of supply and demand systems is
optimized simultaneously. The microgrid security is assessed quantitatively,
considering the impacts of demand-side systems and considered as the optimization
constraints together with the power supply adequacy. The proposed coordinated

microgrid optimal design method is tested on the developed hotel microgrid.

Chapter 8 presents a robust optimal design method considering the supply-demand
side uncertainties together. A novel index named power inadequacy risk is introduced
to quantify the uncertainty-based power supply inadequacy risk and enhance reliability.
Two typical robust optimization objective functions are selected, and their optimal
design solutions are compared and analyzed. The energy use efficiency is considered

in the optimization, and the impact of energy use efficiency on overall cost is analyzed.



Chapter 9 summarizes the main contributions and conclusions of the Ph.D. study and

gives recommendations for future research.



CHAPTER 2 LITERATURE REVIEW

This chapter presents a comprehensive literature review on the concept, quantitative
assessment methods, performance indicators, and optimal design of microgrids. The
research background and research significance of the microgrids have been

summarized.

Section 2.1 presents an overview of microgrids, including their definitions, operating

modes, and worldwide development.

Section 2.2 presents a review of the microgrid assessment approaches and reliability
investigations. Two typical microgrid assessment approaches are introduced. The

definition, categories, solutions, and challenges of reliability are reviewed.

Section 2.3 reviews the optimal designs of microgrid systems, including the microgrid

supply-demand profiles, reliability, and energy efficiency considerations.

Section 2.4 reviews the robust optimal designs of microgrid systems, including the
uncertainty quantification and robust microgrid optimal design methods under

uncertainties.

Section 2.5 presents conclusive remarks on the reviews in the above research areas.

2.1 Overview of microgrid investigation

2.1.1 Microgrid definition and operation modes

Different microgrids definitions are developed by different investigations and energy
departments. For instance, “microgrids are local energy networks that are able to
separate from the larger electrical grid during extreme weather events or emergencies,

providing power to individual customers and crucial public services such as hospitals,
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first responders, and water treatment facilities” from Powering a New York State
Energy Research and Development Authority (NY Prize, 2015) and “A microgrid
usually consists of multiple distributed energy generations (including renewable
resources) and interconnected loads as well as the system controllers” (Lasseter and

Paigi, 2004).

The Office of Electricity Delivery and Energy Reliability within the Department of
Energy (DOE) gave the widely accepted definition of microgrids in 2010. A microgrid
refers to “a group of interconnected loads and distributed energy resources within
clearly defined electrical boundaries that acts as a single controllable entity with
respect to the grid. a microgrid can connect and disconnect from the grid to enable it

to operate in both grid-connected and/or island-mode” (DOE, 2017)

Under the definition, the microgrids can work with two operating modes, i.e., grid-
connected mode and islanded mode (i.e., isolated mode). The operating modes
significantly impact microgrid reliability in terms of power supply adequacy. The grid-
connected microgrid is easier to maintain the system reliability compared to the
operating microgrid with solely islanded mode. The main grid, as strong support, can
provide the power supply to avoid microgrid power outages. This typical mode is

mostly applied in cities or locations where the microgrid is not far from the main grid.

On the other hand, for remote sites, the long-distance power transmission carried from
the main grid would cause high energy loss and need high investment for the electrical
facilities (Babazadeh et al., 2013). The islanded mode could be the only practical
solution for the power supply in those remote areas or islands. In the islanded
microgrid, the power generation is solely provided by itself without the backup of

extra power from the main grid. Battery storage and/or local backup power generators

10



(mostly driven by fossil fuels) are necessarily considered in the design of islanded
microgrids. The use of battery storage may lead to increased investment and pose a
safety threat, while backup power generations would also lead to increased investment

and carbon emissions.
2.1.2 Worldwide development

Different countries/regions have made efforts to develop microgrids in terms of
feasibility, funding sources, technologies, and primary functions to combat climate
change and the energy crisis. Four representative projects in the USA are summarized
as shown in Table 2.1. These projects consider and test different types of power
generators under diverse landscapes. Different departments, such as corporations,
universities, and so on, have begun to make many efforts to promote this technology

into practice in the future.

Besides, China began its microgrid investigation and development in the 12% Five-
Year Plan. A total of 28 microgrid demonstration projects have been planned and/or
constructed since 2015. Among these demonstration projects, the Tianjin Eco-City
microgrid is one of the most successful demonstration projects (Yu et al., 2018). Their
microgrid power generators consist of combined cooling heating power generators and

PV panels, and the capacity has already been up to 39.6 MW since 2016.

11



Table 2.1 Summary characteristics of four representative projects in the USA

Project Funders Location Power generators Energy storage

DOE and Alameda Alameda Country, | PV panels and diesel Battery storage

Country California power generators
University of Southern Gas turbines and Battery and
California, Irvine California Edison | steam turbines thermal storage
San Diego Gas and
Electric and Borrego Springs, | Diesel power
California Energy California generators Battery storage
Commission
Phlladglphla Philadelphia, Ggs turbines and Battery and
Industrial . diesel power

Pennsylvania thermal storage

Development Corp generators

Japan has also conducted many microgrid demonstration projects, such as Aichi
Microgrid, Hachinohe Microgrid, Miyako Island Microgrid, and so on. The capacities
range from 300 kW to 33 MW, and the power generators consist of PV panels, wind

turbines, gas turbines, and fuel cell power generators (Ton and Smith, 2012).

In Europe, eight pilot microgrids were developed by different manufacturers and
power distribution utilities, with research teams from 12 European countries (EEA,
2022). In these projects, the control technologies of the microgrids are tested, and their

performance is quantified and analyzed.

In summary, many achievements in microgrid investigations have been obtained due
to the efforts of different researchers from different countries/regions. However, many
critical challenges still exist, which have been analyzed and reviewed in the following

sections of this chapter.
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2.2 Microgrid assessment approaches and reliability analysis

2.2.1 Microgrid assessment approaches

Quantitative assessment, as an effective solution, can examine the performance of
alternative design options and provide preliminary guidelines for the decision-makers

at the planning stage, as reported by Aghajani et al. (2017) and Sabzehgar et al. (2020).

Currently, three main dimensions of microgrid systems are concerned at the planning
stage: economics, reliability, and renewable power generation (Tayal, 2017). For the
economics of microgrids, the overall cost is the most crucial evaluation indicator. For
the reliability of microgrids, the different assessment methods, testbeds, and indexes
are used as reported in the literature reviews by Akhtar and Saqib (2016) and Morato
et al. (2021), which are reviewed detailedly in Section 2.2.4. For renewable power
generation in microgrids, renewable energy penetration is often used to represent the
ratio of renewable power generation. Piwko et al. (2012) assessed the impacts of
renewable energy penetration on the overall costs of power generation systems, where
several cases in Europe, China, and North America were presented and analyzed.
Sarkar and Ajjarapu (2011) assessed the resource benefits of renewable energy
penetration, including investments in renewable power generators and reserve

requirements for the effective utilization of renewable energy.

Different approaches or frameworks have been proposed in the existing literature for
assessing the performance of microgrids according to their scales and the complexity
of systems. Cetinbas et al. (2021) compared different modeling algorithms and
proposed a quantitative method to assess the system's complexity. For small-scale
microgrid systems, the system complexity is relatively low (Gémez-Hernandez et al.,

2019), and thus the computation costs of the systems are low (Florio et al., 2021).
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Commonly, for small-scale microgrid systems, the quantification assessment at the
planning stage and the system's optimal design at the design stage are considered
together, such as the joint planning and design frameworks proposed by Kiptoo et al.
(2020) and Mohanty et al. (2012). On the other hand, for those large-scale complex
microgrid systems, the system performance assessments at the planning stage are

conducted first due to the high computation costs.

2.2.2 Reliability definition and classification

System reliability is one of the most vital issues with microgrid systems. It refers to
“the ability to meet the electricity needs of end-use customers, even when unexpected
equipment failures or other conditions reduce the amount of available power supply”
(Shaaban et al., 2015). According to the definition, system reliability is commonly

divided into system adequacy and security.

The adequacy represents the ability of the power generation that can meet the
anticipated energy demand without considering device disruptions (Jimada-Ojuolape
and Teh, 2020). To enhance the system adequacy, the optimizations of the system
design have been investigated by Elkadeem et al. (2020) and Florio et al. (2021), where
the capacities and specifications of the different electrical equipment could be
determined. During the optimization process, a few indexes (such as Loss of Power
Supply Probability, Loss of Energy Expected, etc.) are introduced to assess the
system's adequacy. They are mostly used as the constraints in the optimizations of the
system design, as reported by Ganjehlou et al. (2020), Mohammed et al. (2021), and

Suman et al. (2021).

On the other hand, security represents the ability of the microgrid to respond to sudden

and uncertain disruptions. The security of microgrid systems was generally
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investigated in terms of security protection (Hemmati et al., 2021). System security
protection is an effective measure to defend against internal disruptions, where the
internal sudden and uncertain disruptions are mainly caused by the peak current/power.
System security protection is set mainly according to the power grid's capacity.
Generally, a system with a larger capacity can get more support from security
protection. Therefore, the ability of microgrids to cope with internal disruptions is

usually much weaker compared with main grids due to the smaller capacity.

As for these two reliability performances, the former has attracted more attention since
the intermittent and random characteristics of power generation from renewable
sources are considered more. Actually, security is also important in system reliability.
Especially for microgrids, the smaller capacity has a higher risk when facing sudden
and uncertain disruptions e.g., peak current. Thus both these are should be considered

in future studies.

2.2.3 Reliability solutions and challenges

System adequacy

Although carbon emissions can be reduced effectively by increasing the microgrids'
renewable energy penetration, it also risks power supply inadequacy due to the
unpredictable and uncontrollable nature of renewable power generation (Tomin et al.,
2022). The grid-connected microgrids can address this problem by power charging
from the main grids. With respect to the islanded microgrids, due to the lack of power
charging from main grids, battery storage (Zhou and Cao, 2019) and backup power
generation systems (Bracco and Delfino, 2017) are often used to enhance their
reliability in terms of the system adequacy. Simply increasing the capacities of the

backup power generators and battery storage is expensive, though it can directly
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enhance the power supply adequacy and ensure the power supply. An accurate
adequacy assessment approach is needed to address this issue, and the effective
microgrid optimal design method should be developed based on the support and

guidelines from the accurate assessment.

System security

Expanding capacity and setting peak current limits are considered simple and effective
solutions to enhance system security. Expanding microgrid capacity strengthens the
ability of microgrids to cope with peak current, especially in facing surge current.
However, expanding microgrid capacity on the supply side is costly. Setting a peak
current limit reduces the strength of the peak current but requires careful design and
operation on the demand side. To effectively reduce the impact of the peak current on
system security, the peak current is investigated and classified into two main states,

whose causes and solutions are listed in Table 2.2.
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Table 2.2 Categories of peak current, its causes, and solutions (Hwang and Lou,

1998)
Peak current categories Causes Solutions
Increase system capacity
Adopt proper control strategies
Steady state
y High power consumption Incregse the power storage
(O'Shaughnessy et al., 2018) capacity

Adopt dynamic electricity
pricing

Faulty circuit wire insulation | Adopt system protections

Short-circuit . . (breakers/fuses, ground-fault
Loose wire connection R
Transient current . o circuit interrupters, arc-fault
state Faulty appliance wiring circuit interrupters, etc.)
(Baimel et Multiple-step capacitor bank .
al. 2021) Inrush current switching Adjust startup modes

(Khederzadeh, Chiller and lift motors startup Adopt surge protections

2010 i
) Transformers energized Increase system capacity

Steady-state peak current refers to the peak load over relatively long periods, i.e., hours
or minutes. Extended operation at peak current can cause outages. Existing studies
achieved load shifting/shaving for addressing it by optimizing system design (Luo et
al., 2020) and system control (Sun et al., 2013), power scheduling (Sun et al., 2020),
etc. Besides, steady-state peak current can be limited to an acceptable range by the
control strategies implemented, as stated by Fontenot and Dong (2019) in a review

paper on demand response technologies used in microgrid systems.

The transient peak current is another crucial factor affecting system security. The
transient peak current can be further grouped into short-circuit current and inrush
current, as shown in Table 2.2. Short-circuit current occurs typically due to equipment
malfunction, while inrush current mostly appears during the startup periods of
electrical equipment. Setting the protections, regular inspection, and maintenance
services are necessary to avoid the short-circuit current. Inrush current appears more

frequently and is, therefore, more harmful to system security (Faiz et al., 2008).
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Adjusting the motor startup mode, adopting surge protection, and increasing microgrid
capacity are all conventional methods to reduce the impact of inrush current (Rashid,

2011).

During the startup periods of electrical equipment, the inrush current shock (ICS) can
threaten the system's security and increase the wear potential of the system. High wear
potential causes a high risk of microgrid blackouts. The large electrical equipment is
also a big threat to microgrid security, and it also increases the wear potential of the
system, requiring more maintenance in operation (Shuai et al., 2016). Maintenance is

needed to decrease the microgrid system's wear potential.

Among the electrical equipment, the frequent start/stop of chillers in centralized air-
conditioning systems can significantly increase the risk of microgrid blackouts.
Therefore, investigation of chiller startup performance, including inrush current
quantification, is important to avoid microgrid blackouts. Existing studies on chiller
startup performance are concerned with energy efficiency and cost-saving (Campanari
et al., 2014; Zhuang et al., 2021). For example, a mathematical model (Fan and Ding,
2019) and an ANN model (Bechtler et al., 2001) were developed to improve energy
efficiency and save costs during the chiller startup periods. These studies focused on
chiller startup performance during relatively long periods, such as a few minutes or
dozens of minutes, and increasing energy efficiency and/or cost saving were the
objectives. Studies on chiller startup performance during a very short period, i.e.,
seconds or even less, are missing in the literature. In fact, it is reasonable to neglect
the inrush current if the study does not focus on chiller startups in a very short period
(Jia et al., 1995). As for the existing studies on chiller startup performance concerning
chillers and their compressor motors, timely satisfying the cooling demand was their

main concern, and few of them have considered the impact of the startup current of
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the chiller induction motors on the system security. Besides, no generic and simplified
transient startup power model of chillers is available for such an application. Using
the safety/surge factors and decreasing the inrush current from the motor and chiller
startup are the conventional methods to ensure microgrid reliability and avoid voltage
dips and system damage (Xu et al., 2016; Akinyele and Rayudu, 2016). However, the
microgrid capacity can only be determined roughly using safety/surge factors, which

may result in a redundant capacity as the actual need is not precisely assessed.

2.2.4 Reliability assessment approaches and summary of the reliability indexes

Existing microgrid reliability assessment approaches can be classified into two main
categories, i.e., the deterministic approach and the stochastic approach (Jin and
Jimenez, 2010; Luo et al., 2022a). The deterministic approach is a simple assessment
approach, where the power generation and consumption of the microgrid are assumed
as fixed and deterministic profiles/values. Usually, the typical supply profile and
demand profile (Amir and Azimian, 2020; Sabzehgar et al., 2020; Xu et al., 2014) or
the peak load obtained under typical weather conditions (Adefarati and Bansal, 2019;
Luo et al., 2020; Muhtadi et al., 2021) are used for system reliability assessment.
However, the actual renewable generation and energy demand are stochastic. The
microgrid reliability performance may be overestimated/underestimated using the
deterministic assessment approach, which may make the system design unreliable or
conservative. The stochastic approach treats power generation and/or consumption as
uncertain parameters. The stochastic characteristics of renewable energy resources
and/or energy demands are considered quantitatively. The design solution identified
using this approach can make the system operation more reliable, especially when the

fluctuations in power generation and consumption are significant.
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Different indexes have been proposed and used in the literature to evaluate the
microgrid reliability performance. Sarkar et al. (2019) used the Loss of Power Supply
Probability (LPSP) index in the reliability assessment for a PV-wind-biogas hybrid
microgrid system. LPSP is defined as the ratio of the power not supplied to the total
power that the power generation system can produce. It can be used to measure the
magnitude of power outages. Song et al. (2019) adopted the System Average
Interruption Duration Index (SAIDI) and System Average Interruption Frequency
Index (SAIF]I) to assess the reliability of a microgrid integrated with PV panels and an
energy storage system. They are commonly used to quantify the average frequency of
sustained interruptions per customer account occurring during the analysis period.
Sekhar et al. (2016) used various indexes, such as SAIFI, SAIDI, and Customer
Average Interruption Frequency Index (CAIFI), to assess the microgrid reliability
performance. The Loss of Energy Expected (LOEE) index was used by Kuznetsova et
al. (2014) to assess the microgrid reliability performance under different energy
management strategies. LOEE as another commonly-used reliability index is used to
calculate the expected amount of energy losses. Table 2.3 lists the commonly-used
reliability indexes where the outage duration, outage frequency, and outage load are
all quantified (Maleki and Askarzadeh, 2014; Garcia and Weisser, 2006; Pecenak et

al., 2020; Wu and Sansavini, 2020; Adefarati et al., 2017; Adefarati and Bansal, 2019).
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Table 2.3 Summary of the commonly used reliability indexes

Index Abbreviation | Quantified object Rehablht.y .
enhancement direction
Loss of Load Expected LOLE Outage duration Smaller LOLE
Loss of Energy Expected LOEE Outage energy Smaller LOEE
Loss of Power Supply Probability | LPSP Outage load ratio | Smaller LPSP
Equivalent Loss Factor ELF Outage duration Smaller ELF
& load

Systerp Average Interruption SAIDI Outage duration Smaller SAIDI
Duration Index
System Average Interruption SAIFI Outage frequency | Smaller SAIFI
Frequency Index
S“Stomer Average Interruption | 4y Outage frequency | Smaller CAIFI

requency Index
Custqmer Average Interruption CAIDI Outage duration Smaller CAIDI
Duration Index
Average Service Availability ASAT SCI.'VICG duration Larger ASAI
Index ratio

2.3 Optimal design of microgrids

2.3.1 Supply-demand profiles considered in optimal design

Supply-demand profiles have a significant impact on the optimal microgrid design.
The deterministic supply-demand profiles are used in the optimal microgrid design
(Jin and Jimenez, 2010). For example, Sabzehgar et al. (2020) minimized the cost by
optimizing the microgrid design based on four 12-hour supply-demand profiles.
Baghaee et al. (2016) proposed a cost-based optimization method for microgrid design,
where the supply-demand profiles of the typical year are considered in the

optimization.

Besides, to further enhance the reliability and achieve the requirements of meeting
load timely, the peak load should be considered in the optimal microgrid design

(Thomas et al. 2016). Sarkar et al. (2019) and Quashie et al. (2018) proposed a
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microgrid optimal design method using peak load, where the microgrid economics,
including the initial cost, operation cost, and maintenance cost, is set as the objective
function. The results show that using peak load can effectively ensure the zero loss of
power supply probability for the optimal microgrid design, but it may increase the
total cost due to the load being overestimated. In summary, this kind of optimal design
method is relatively simple with low computation costs. However, it is probable to
endanger the continuity and quality of the power supply, as renewable power
generation and power consumption may be overestimated or underestimated (Polleux

et al., 2022).
2.3.2 Optimal design of microgrid considering the reliability impacts

In previous studies on microgrid optimal design, the capacities of power generation
and energy storage systems of microgrids are usually optimized based on the
assumption that the demand-side loads are known (Ayodele et al., 2019; Barbaro and
Castro, 2020; Blair and Mabee, 2020; Ding et al., 2020; Mashayekh et al., 2018;
Mehleri et al., 2013), and the power supply adequacy is commonly considered as one
of the optimization constraints. A trade-off is made in optimizing power supply
adequacy and economics (Adefarati and Bansal, 2019; Baghaee et al., 2016; Cattaneo
etal., 2018). For instance, Mashayekh et al. (2018) developed a reliability-constrained
microgrid design method, where the mix of the hybrid power generations and their
sizes are optimized, and the economic benefits are obtained. Barbaro and Castro (2020)
developed a microgrid optimal design method to minimize the overall cost, where the
sizes of the wind, PV, geothermal, and diesel generators, as well as battery energy
storage systems, are all optimized. The requirements of the power supply adequacy
are met by setting the reliability indexes in the optimization. Obara et al. (2018)

explored a 3D topographical map to analyze and assess renewable energy layout and
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further optimized the design of the renewable power generators and the electrical
facilities (e.g., inverters, transformers, and controllers) for a microgrid, while the
requirement of the power supply inadequacy is met by the backup power generators.
The results show that the minimum cost can be achieved when renewable energy
penetration is up to 40%. Tomin et al. (2022) and Fioriti et al. (2020) developed
optimal design methods to optimize the mix and sizes of the microgrid power
generators and battery storage capacity considering the impacts of the flexible
renewable energy resources and different economic indicators respectively, where
good economics are achieved. Balderrama et al. (2019) proposed a two-stage linear
programming microgrid design optimization method to optimize the sizes of the power
generators and battery storage capacity by considering the power imbalance as a cost
penalty. The results show that good economics can be achieved as the renewable

energy penetration at 29.7% for their case study.

It can be observed that existing academic studies on microgrid optimal design mainly
aim to secure power supply adequacy, while microgrid security is rarely concerned.
In practice, setting a safety factor (SaF) and a surge factor (SuF) in the microgrid
capacity determination after the microgrid design optimization is the common method
to meet the security requirement (Isatezde et al., 2018; Xu et al., 2016). This method
is simple to implement but may result in reduced security/reliability as the impacts of
the demand-side systems (e.g., the startup of the large chillers in buildings) on
microgrid security are not quantitatively considered. Besides, higher investment costs
are probably required to increase the microgrid capacity to meet the security
requirement without making a trade-off between system reliability and overall costs.
The cost due to increased capacity usually accounts for a large percentage of the
microgrid's overall costs (Domenech et al., 2015; Her et al., 2021; Shi et al., 2020).
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Therefore, it is necessary to consider the impacts of demand-side system design on
microgrid security and make a better trade-off between microgrid reliability and

overall costs, which is still absent in existing studies.
2.3.3 Energy efficiency consideration in design optimization

Increasing energy efficiency in microgrid design optimization is another potential
solution to achieve good microgrid energy and economic performance. Wouters et al.
(2016) quantified and analyzed the impacts of weather conditions on the renewable
power generation efficiency of the microgrid, which can provide support in the robust
optimization to increase overall power generation efficiency and decrease the
operation cost. Mehleri et al. (2013) discussed the impacts of fixed efficiency for
combined heating power (CHP) system and combined cooling, heating power (CCHP)
system on the optimal microgrid design, where the fixed efficiency assumption can
effectively maintain linearity of the model formulation while the error introduced by
this assumption is solely acceptable for the lower-level optimal design models. Blair
and Mabee (2020) quantified the impacts of CHP efficiency on the economics of the
microgrid system optimal design. Results show that the CO2 abatement costs are
reduced significantly when the microgrid CHP system is under high efficiency (from
the range of 600900 CAD/ton to the range of 40—150 CAD/ton). However, in the
microgrid field, few works investigated the impacts of energy use efficiency on

microgrid performance.
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2.4 Uncertainty quantitation analysis and robust optimal design

2.4.1 Uncertainties quantification methods and analysis

A series of stochastic approaches have been developed for microgrids to quantify the
uncertainties of power generation and/or consumption. For instance, Recalde and
Alvarez (2020) and Yamchi et al. (2019) proposed a Monte-Carlo-based quantitative
approach to obtain a probabilistic annual power supply profile. Chen et al. (2021)
developed an uncertainty-based quantitative method to model the uncertainties of
renewable power generations using a Beta distribution and model the loads using a
typical profile. Bie et al. (2012) developed multi-state models to quantify the
uncertainties of different distributed generations. Wu et al. (2014) proposed a
stochastic quantitative approach, where the uncertainties of renewable generations
were quantified based on the stochastic nature of weather conditions. The uncertainty

of power consumption was quantified using a normal distribution.

In these studies, the uncertainties of different renewable generations were usually
detailedly quantified and considered. In contrast, the uncertainties of loads (e.g.,
cooling, lighting, and plug loads) were mostly ignored or considered as a whole. In
fact, the building's thermal and other microgrid electrical loads may have different
uncertainty characteristics. Ignoring the demand-side uncertainties or quantifying
them using a general distribution may cause unreliable assessment results (Li et al.,

2019).
2.4.2 Robust optimal design methods concerning the uncertainties

The optimal design of the microgrids concerning the uncertainties is commonly

regarded as “uncertainty-based design” or “robust design optimization” (Li et al.,
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2019). Different microgrid robust design methods have been developed in the existing
literature concerning different quantitative methods of microgrid uncertainties (Luo et
al., 2022; Mendes et al., 2011; Yang et al., 2021; Yin et al., 2022; Zhang et al., 2018).
For the investigated uncertainties, the intermittent and fluctuating features of
renewable power generations are critical challenges for the system's reliability on the
supply side. Zhang et al. (2018) quantified the impacts of PV generation uncertainties
on system reliability, where the results show that the proposed optimization method
can reduce operational costs and mitigate the risk of a power outage. Yin et al. (2022)
conducted a robust optimization to minimize the overall costs of the microgrids where
the uncertainties of the power generation from the solar and wind sources are
quantified based on historical data. However, these above-mentioned studies mainly
considered supply-side uncertainties while ignoring demand-side uncertainties.
Besides, exploiting and quantifying demand-side uncertainties have also been
considered in the microgrid design, but they still are not in-depth. The load
uncertainties regarded as another whole variable are simply estimated according to the
historical data or different simple distributions (Arriagada et al., 2015). For instance,
Yu et al. (2016) conducted the robust optimization of microgrids to obtain a trade-off
between cost saving and reliability enhancement by quantifying the supply-demand
uncertainties according to the rough linear estimate of 20-year historical data. To
address the impacts of the demand-side uncertainties, the upper and lower boundaries
of the loads are calculated based on the historical data and TRNSYS simulation data,
which is used in the cost-based microgrid design optimization by Cao et al. (2017).
Besides, random distribution (Zhang et al. (2017)) and normal distribution by Sun et

al. (2015) and Gupta et al. (2016) are used to quantify the uncertainties of the loads,
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which are used in the microgrid optimization to obtain good economics and meet the

requirements of reliability simultaneously.

2.5 Summary

This chapter presented a comprehensive review of the existing studies on quantitative
assessment and optimal design of the microgrid, as well as uncertainty analysis and its
impacts on the microgrid reliability. From the above review, the existing gaps can be

summarized as follows:

® As for the microgrid assessment, most existing studies focus on or are limited to
assessing the impacts on the system performance using a single indicator. The
existing methods consider the performance indicators separately. The interactions
(such as correlation, substitutive, complementarity, and preferential dependence)
among multiple performance indicators have not been considered. Meanwhile, the
intensive computation of simulations in the quantitative assessment is another
barrier, while decreasing computation cost has a risk of reducing the accuracy of
the assessment results. Thus, a multi-dimensional performance assessment
framework with relatively lower computational cost and acceptable accuracy for
the microgrids is needed.

® The startup of electrical equipment has a significant impact on microgrid security.
However, few previous studies have reported the one-time switching impact of
electric induction motors on power grid security and microgrid security,
respectively. Increasing the microgrid capacity is the common method to decrease
the surge impact on microgrid security, which leads to a huge investment. A

quantitative approach to assess microgrid security and the startup performance
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quantification of the motors and chillers, including inrush current and startup time,
is needed.

Existing reliability indexes are commonly used in the reliability assessment and
optimal design as one of the constraints. They can reflect the magnitude and
duration of power inadequacy that may occur but cannot reflect the probability of
the power inadequacy when uncertainties are considered. A novel uncertainty-
based quantitative approach with a new reliability performance index (i.e., power
inadequacy risk) for the reliability assessment of islanded microgrids by
considering uncertainties at both supply and demand sides is needed.

Existing academic studies on optimal microgrid design aim to secure power
supply adequacy, while microgrid security is rarely concerned. Setting a safety
factor (SaF) and a surge factor (SuF) in the microgrid capacity determination after
the microgrid design optimization is the common method to meet the security
requirement. However, this measure may result in reduced security/reliability as
the impacts of the demand-side systems (e.g., the startup of the large chillers in
buildings) on microgrid security are not quantitatively considered. In addition, a
higher investment cost is probably required to increase the microgrid capacity to
meet the security requirement without making a trade-off between system
reliability and overall cost. Therefore, a coordinated optimal design method of
islanded microgrids is needed for enhanced security and economics, which
coordinates the design optimization of supply and demand systems.

Robust microgrid optimal designs mostly consider the impacts of the supply-side
uncertainties detailedly, while the demand-side uncertainties are ignored or
assumed as a simple distribution. This may cause the optimal design is not a global

solution. Besides, even though the uncertainties are considered in optimal design,
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the power supply adequacy has still a large risk due to no quantified reliability
index on the uncertainty-based impact in optimal design. Concerning the
uncertainty-based impacts of using power inadequacy risk, a robust optimal

design with detailed quantitation of supply-demand uncertainties is needed.
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CHAPTER 3 REFERENCE HOTEL MICROGRID AND

HOTEL MICROGRID SIMULATION MODEL

This chapter presents an overview of the reference microgrid and models in this study.
Section 3.1 presents the basic information about the reference microgrid. Section 3.2
presents the microgrid models, including the power generation model, the demand-
side energy system model, and the battery storage model. Section 3.3 presents the
control mechanism of the reference microgrid system. A summary of the reference

microgrid and its development of the models are presented in Section 3.4.
3.1 Description of the reference hotel microgrid

3.1.1 Basic information about the hotel

A hotel building microgrid is constructed, which refers to a holiday hotel located on a
remote island in Hong Kong, as shown in Figure 3.1. The holiday hotel has fifteen
stories, and the total area is about 26,000 m?. It has over three hundred rooms,
including one large meeting room and eleven multi-function halls. According to the
design code (i.e., Hong Kong Code of Practice for Energy Efficiency of Electrical
Installations), the commercial electrical load density, including the lighting load
density and the equipment load density, is set as 25 W/m?. The cooling load density is
set as 153 W/m?, according to Gang et al. (2015). Note that the islanded mode is
adopted solely in this design. The energy system mainly includes wind turbines, PV
panels, backup generators, a battery storage system, distributed power end-users,

electric chillers, and associated cooling systems.
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Figure 3.1 Overview of the building microgrid location

In this location, renewable sources have a promising potential to provide the power
supply. The annual solar radiation and wind velocity profiles in Hong Kong are shown
in Figure 3.2. The highest solar radiation and wind velocity are 1.1 kW/m? and 15.4
m/s, respectively. The average solar radiation and the wind velocity are 0.2 kW/m?

and 5.1 m/s, respectively.
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Figure 3.2 Annual solar radiation and wind velocity in this location
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3.1.2 Configuration of hotel microgrid energy system

The energy system configuration of the hotel microgrid is shown in figure 3.3. The
energy systems mainly include wind turbines, PV panels, backup power generators,
electric batteries, electric chillers, and other associated cooling system components.
The PV panels are installed around the hotel as it has enough space, and the wind

turbines are off-shore.

Supply side Demand side
Backup power sgte Pgre
generator [E5d= T by Electricalm
chillers “<&
¥ amm
PV modules 252 Pev, o Qc|

Wind turblnes’l[ s

P c. | . . . .
Battery E‘,} s Per | Equipment, lighting. .. .

Pep
DC Bus AC Bus

I:l Power generation system |:| Air-conditioning system
I:I Energy storage

A

| |
| i
: Cooling demand i
; |
[
| |
| |
|

Figure 3.3 Configuration of the hotel microgrid energy systems.

3.2 Microgrid simulation model

The detailed microgrid energy system models are introduced, including power

generation, demand-side energy system models, and a battery storage model.

3.2.1 Power generation models
PV model:

The power generation (Ppr) from PV panels is calculated by Eq. (3.1) and Eq. (3.2)

(Daud and Ismail, 2012), where Rad is the solar irradiance (kW/m?). Apy is the total
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area of PV panels (m?). Tp is the cell temperature of the PV panels (°C), and Tris the
reference cell temperature (set to 25°C in this study). Kpy (set to -3.7X107 in this
study) is the temperature coefficient (1/K). Tums is the ambient temperature (°C). npy,
is the overall efficiency of the PV panels.

Ppy = Rad X Apy X (14 Kpy(Tpy = Trer)) X Npy (3.1)
(3.2)

Toy = Tymp + 0.0256 X Rad

Wind turbine model:

The power generation from the wind turbines (Pwr) can be calculated using Eq. (3.3)
and Eq. (3.4) (Lu et al., 2002). When the wind speed (vwina) 1s within the range of 3.65
m/s and 10.4 m/s, Eq. (3.3) is adopted. When vwina is within the range of 10.4 m/s and
18.0 m/s, Eq. (3.4) is adopted. It should be noted that the power generation from the

wind turbine is 0 when vwina 1s out of these ranges.

Pyr = 0.12615 X Uwindz —0.4915 X vyinqg — 0.008 (3.3)
(3.65m/s< vy, < 10.4 m/s)
PWT = —0.078 x vwmdz + 1.78144 x Vwind — 0.016 (34)

(10.4m/S< Vying < 18.0 m/s)

Backup power generation model:

As required in government policy, the natural gas generator is adopted as the backup
power generator (Fong and Lee, 2015). The electrical output (Psrc) of the backup
power generator is calculated by Eq. (3.5). It is assumed to be linear to the natural gas
consumption (Congp;). The generation efficiency is denoted by ngp;. The backup

power generator can be switched on or off at any time for power supply.
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Pgpe = Congpg X Nppg (3.5)

0 < Pypge < Capgpe Yt € [1,8760] (3.6)

3.2.2 Demand-side energy system model

The electrical loads consumed by the end-users are divided into two types of loads,
i.e., the electricity consumption of other electrical appliances and the cooling load.
Here, the electricity consumption of other electrical appliances is simulated according
to the electrical load density and occupant profile. The cooling load is simulated using
the cooling load density and weather data. The simulation is achieved using TRNSYS,

a commonly-used simulation tool to obtain the load profile.

The chiller systems meet the obtained cooling load from the TRNSY'S simulation. The
power consumption (P, ) of chillers is a function of its cooling load (CL) and
coefficient of performance (COP), as shown in Eq. (3.7). The COP of the chiller is
determined by its rated COP (COP,4;) and the relative COP (a,,;), as shown in Eq.
(3.8). The relative COP is calculated by the fitting function in Figure 3.4, as shown in
Eq. (3.9) proposed by Kang et al. (2017). The rated COP differs from the size of the
chiller, as shown in Eq. (3.10) (Gang et al., 2015). If the load ratio is near 80%, the
relative COP is high. It can be found that the proper size and number of chillers can

significantly improve the actual COP in operation.

P, = CL/COP (3.7)
COP = @y X COPygy (3.8)

p = —0.569 X (CL/Capey;)® — 0.258 X (CL/Capen;)?
(3.9)
+1.52 X (CL/Cap.y;) + 0.321
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COP,y = 2.886 X 1072 X (Cap,pn;)? + 0.293 x 10~

(3.10)
X Cap.p; +4.711
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Figure 3.4 Relative COP of chillers at different load ratios

3.2.3 Energy storage model

A battery is installed to store the surplus renewable power generation and enhance the
reliability of the microgrid system. The maximum and minimum storage limits (Ebaz,max
and Ebra,min) are set to prolong the battery life cycle, which is set to 80% and 20% of
the battery capacity, respectively, as shown in Eq. (3.11). The maximum hourly power
charging rate and maximum hourly power discharging rate are set to 20% and 50% of
the battery capacity, respectively, as shown in Eq. (3.12) and Eq. (3.13). The charge

efficiency and discharge efficiency are both assumed to be 85% in this study.

Ebat,min < Ebat < Ebat,max (3-1 1)
0< Pch < Pch,max (3'12)
0 < Pdch < Pdch,max (3-13)
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3.3 Microgrid system control mechanism

Battery storage is widely used to store surplus electricity from renewable power
generations and maintain reliable system operation. Setting the charging and
discharging limitations and providing a proper control mechanism are effective
measures to prolong the battery lifetime. The minimum and maximum limits of the

battery storage are set as 20% and 80% of the battery capacity (Cappq¢), respectively.

To ensure the power supply adequacy and limit the battery charging and discharging
in the proper range, the control mechanism of the battery charging/discharging and the
backup power generation are illustrated in Figure 3.5. Renewable power generation
(B.) is utilized to meet the demand (P, ) including the power consumption (Pzc) of
the electric chillers and individual electrical appliances (Pg,4) as the first choice. Due
to the intermittency of renewable energy generation, battery discharging is the second
choice to avoid power outages. Once the battery storage (Ep4;) is equal/lower than 20%
of its capacity, the battery cannot be further charged to provide power to the system.
As the last choice, the backup power generators are turned on to meet the demand.
When the power generation from renewable sources is higher than the power demand,
the battery acts as a consumer to be charged until the remaining power is up to 80%

of its capacity.
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Figure 3.5 Flowchart of the Microgrid system control mechanism

3.4 Summary

This chapter presents an overview of the hotel microgrid and the microgrid simulation

model used in this study. The hotel microgrid model consists of the power generation

models and demand-side model, as well as the battery storage model. An energy

system configuration and its control strategy have been proposed.
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CHAPTER 4 A MULTI-DIMENSIONAL
PERFORMANCE ASSESSMENT FRAMEWORK FOR
MICROGRIDS CONCERNING RENEWABLE

PENETRATION, RELIABILITY, AND ECONOMICS

This chapter aims to develop a multi-dimensional performance assessment framework
for conveniently assessing microgrids concerning their key performance indicators.
Section 4.1 introduces the procedure of the assessment approach. Section 4.2 and
Section 4.3 presents the validation cases and results, respectively. Section 4.4 presents
the performance assessment results and suggestions concerning the impacts of these

three indicators, and Section 4.5 summarizes this chapter.

4.1 Quantitative assessment framework and procedure

4.1.1 Outline of the quantitative assessment framework

Figure 4.1 illustrates the proposed framework of the microgrid assessment and its

procedure. This assessment framework involves three steps, as elaborated below:

Step 1: Sampling of the energy portfolios according to the microgrid variables. At this
step, the microgrid renewable power generation's types, sites, and capacity ranges are
determined. The Latin hypercube sampling (LHS) method is used to generate samples
of the microgrid energy portfolios since a smaller sampling size is required (Li and

Wang, 2019).

Step 2: Generation of key performance indicators by system simulation. At this step,

the presumed occupant profile and load density, together with the presumed samples
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of the energy portfolios from the first step and the weather data, are all fed into the
microgrid model. As the outputs of the microgrid model, the key indicators of the
microgrid performance (economies, renewable energy penetration, microgrid

reliability) are obtained.

Step 3: Microgrid multi-dimensional performance assessment quantification. At this
step, the parameters of the empirical cost model are identified according to the
obtained key indicators. Then, the quantitative assessment results can be obtained

using the empirical model.

Step 1: Samples Determination of microgrid
generation input variables
v

e

| Weather data & \: Samples determination of

! Occupant profile 1 microgrid design variables

|\ & load density : (Latin Hypercube Sampling method)
—————— r—————/
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:’ Overall \: :’ Renewable | :, Microgrid \
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¥
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quantification
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Assessment results (Cost, !
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Figure 4.1 The framework of the microgrid quantitative assessment
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4.1.2 Quantification of the key microgrid performance indicators
Economics:

The economics of the microgrid is quantified as the overall cost. The overall cost (Cov)
consists of the initial cost (Cin;) and the operation cost Cop calculated using Eq. (4.1).
The initial cost is the average annual initial cost that the investors have to pay per year
as shown in Eq. (4.2). The operation cost is calculated by multiplying the annual
primary energy consumption of the backup power generators and the price (Prarc) of
the primary energy as shown in Eq. (4.3), where the Csq i 1s the initial cost of the kth
microgrid facility and the Y} is the total years of its life cycle. Pjpg is the power
generation from the backup power generation at the time ¢. The subscript “fac”
represents the microgrid facility, and the subscript “BPG” means a backup power

generator.

Cov = Cini + Copt 4.1)

Cont = ) (Crac X 1/%) (42)
8760

Copt = (Zt—l Pfpg) X Prpg (4.3)

Renewable energy penetration:

As a key performance indicator, the renewable energy penetration (REP) is calculated
using Eq. (4.4), where Pr. is renewable power usage, and Pqe is total electrical load.

Almost all the power generation is from renewable sources if the ratio is close to one.
t=8760 t=8760
REP=D"  Proe/ > Puey (4.4)
t=1 t=1
Reliability:
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Reliability (Re) is another key indicator. It is used to assess the power balance of the
microgrid. The reliability depends on the power consumption of the demand-side
energy system and the power supply of the hybrid power generation system, as shown
in Eq. (4.5).
t=8760 t=8760
Re=)  (Paeme=Pupd)/),  Paemtr WPaeme>Pope  (49)

4.1.3 The empirical cost model of microgrids

An empirical cost model is developed to quantify the correlation among microgrids'
multiple key performance indicators, including renewable energy penetration,
reliability, and microgrid economics. The overall cost of a microgrid varies
significantly because of the different energy portfolios implemented under given
renewable penetration and expected reliability. Thus, the model consists of the upper
and lower boundaries, as shown in Eq. (4.6) and Eq. (4.7), respectively. The maximum
and minimum overall costs are the upper and lower boundaries of the model,
considering the renewable energy penetration (Xpe,) and reliability (X,.). The
developed empirical cost model can directly represent and quantify the correlation
among the three mentioned key indicators, i.e., the impacts of the renewable energy
penetration and reliability on the system economics, under various energy portfolios

implemented.

CoStipgyx = fmax(Xpen» Xre) (4.6)

Costimin = fmin (Xpen» Xre) 4.7)
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4.2 An overview of the validation case

4.2.1 Overview of the microgrid system and its model development

An existing vacation hotel microgrid, located in the subtropical area, with fifteen
stories, is considered the reference for testing and validating the proposed quantified
assessment approach. The details have been described in Section 3.1, and the

microgrid model is developed in Section 3.2.
4.2.2 Energy system control strategy

To enhance the system reliability and simultaneously limit the battery operation within
the safe range, a typical and simple control strategy of the microgrid is implemented
in this study. The priority of power supply is renewable power generation, battery, and
backup power generation. The detailed control strategies have been presented in

Section 3.4.
4.2.3 Main microgrid design parameters concerned

Table 4.1 lists the main microgrid design parameters and their ranges, in this case, at
the planning stage. The microgrid hybrid power generation system consists of
renewable power generators (i.e., wind turbines, PV panels), backup power generators

(i.e., natural gas turbines), and a battery storage system.

Table 4.1 Microgrid variables and their range at the planning stage

Category Microgrid variables Search range Unit
Renewable power Wind generator capacity [0 5000] kW
generation PV areas [0 10000] m?
Backup power generation Gas generator capacity [0 5000] kW
Energy storage Battery capacity [0 1000] kWh
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Table 4.2 presents the basic data of the microgrid hybrid power generation system.
They are listed in four categories. Renewable power generation involves PV panels
and wind power generators (such as unit price, lifetime, and overall efficiency). The
backup power generator adopts the natural gas turbine, so the natural gas price, the
generator lifetime, and overall efficiency are the main performance data. The unit price
of the gas generator (UPqus) is sensitive to the change in size. It is calculated according
to the different capacities of the gas generator (Capgas), as shown in Eq. (4.8) based on
(Zheng et al., 2016). The third category is battery storage. The last category is the
microgrid component cost. The component cost of microgrid capacity is the estimated
overall value, where the initial costs of the vital equipment associated with renewable
power generation are included, such as the initial cost of the hardware (system
controller, inverter, transformer, and power filter), soft cost (e.g., engineering,
construction, commissioning, and regulatory costs) and additional electric

infrastructure costs (Giraldez, 2018; Khodaei and Shahidehpour, 2012).

UPyqs = 3711.78 — 280.47 X In (Cap ) (4.8)

Table 4.2 Basic data of microgrid hybrid power generation system*

Category Parameter Value Unit

The unit price of the PV area 576 USD/m?
Renewable The overall efficiency of PV 0.2 -
power The lifetime of the PV 20 year
generation The unit price of the wind generator 2880 USD/kW

The lifetime of the wind turbine 20 year

The lifetime of the gas generator 25 year
Backup power The unit price of natural gas 0.0571 USD/KWh
generation

Gas generator efficiency 0.32 -

The unit price of the battery 213 USD/m?
Battery storage

The lifetime of the battery 10 year
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Renewable power Renewable capacity per unit 1500 USD/kW

generation capacity | The lifetime of the renewable facilities 20 year

* Remark: the selection of reference data refer to (Li and Wang, 2019; Li, 2000; Lu
et al., 2015; Venkateswari and Sreejith, 2019).

4.3 Model development, validation, and computation cost

assessment

4.3.1 A proposed empirical cost model

Empirical cost model development:

As introduced in Section 4.1.3, an empirical cost model is developed and used in the
microgrid performance assessment. The final forms of this model are presented in Eq.
(4.9) and Eq. (4.10) as the lower and upper boundaries, respectively. The lower and
upper boundaries represent the maximum and minimum overall cost concerning the
different energy portfolios (different capacities of the battery storage and power
generators) implemented. Regression analysis, as a well-known statistical method, is
used to determine the coefficients of the upper and lower boundaries concerning

indicators, such as reliability (Re) and renewable energy penetration (Pen).

Covmax = 295922 + 716045 X Re — 534821 X Pen + 1519573 x Re?

4.9)
+ 681551 x Pen?

Copmin = 232293 + 528128 X Re — 587898 X Pen + 1285746 X Re2  (4.10)
+ 487306 X Pen?

The empirical cost model can provide strong support for microgrid performance
assessment. Using this cost model, the impacts of renewable energy penetration and
reliability on economic performance are quantified. The maximum and minimum
costs can be obtained under particular renewable penetration and expected reliability.

For instance, if this model requires 30% renewable energy penetration and the
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expected reliability is 90% or more, the overall cost saving can be obtained (around

28%).

Fitness verification concerning different powers of the input variables:

The regression analysis determines the coefficients of the significant input variables
(i.e., reliability and renewable energy penetration). The model fitness verification is
evaluated using the R-squared values concerning different powers of the input
variables, and the results are shown in figure 4.2. The R-squared (R?) is a statistical
measure commonly used to evaluate the proportion of the variance for a dependent
variable (Cameron and Windmeijer, 1997). The linear model cannot provide high R-
squared values. When the power is 2, the values of the R’ are 0.93 for the upper
boundary and 0.96 for the lower boundary, respectively. It can be observed that the

empirical cost model can provide an accurate prediction if the power is two or above.

09 |

08 |

R-squared value

—#—TUpper boundary ==L ower boundary

0.6

1 2 3 4 5 6
Powers of the input variables

Figure 4.2 R-squared values of empirical cost model concerning different powers of

the input variables

4.3.2 Model accuracy validation and computation cost assessment

Reference model
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Using the empirical cost model and the LHS method can simultaneously reduce
computation costs and maintain adequate accuracy. The exhaustive searching method
is adopted for the reference model to test and validate the model's accuracy and

computation cost.

The exhaustive searching method (ESM), also called the complete trial-and-error
method or the brute-force method, is commonly used to test all possible samples to
achieve the final objective. It is very accurate and robust but also causes huge
computation costs. The reference model parameters are identified according to the
obtained indicators and the corresponding system performance. For the exhaustive
searching method, a total of 1,000,000 samples are generated and tested according to

the presumed intervals of the four concerned variables, as shown in Table 4.1.

Table 4.3 Microgrid variables concerned with the reference model development

Variables Interval Range Number of samples  Unit
Area of the PV panels 100 0-10,000 100 m?
Capacity of the wind turbine 100 0-5,000 50 kW
Capacity of the backup generator | 100 0-2,000 20 kW
Capacity of the battery storage 100 0-1,000 10 kWh

Model accuracy validation

The model accuracy (MA) of the empirical cost model is quantified according to the
relative error of the model, as shown in Eq. (4.11). The relative error of the model (Er)
is calculated as shown in Eq. (4.12) by using a reference model, where 7 is the total
number of steps. AVipper: 1s the upper boundary difference between the empirical cost
model and reference model, as shown in Eq. (4.13), and A Viower,1s the lower boundary

difference between the empirical cost model and reference model, as shown in Eq.
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(4.14) at the step ¢. If the model accuracy is close to one, the model accuracy is high

or is close to its best possible.

MA = (1—-Ex) X 100% (4.11)

By = o ' AV, Uil - ' AV, Viowery  (4.12
R — f X t=1( upper,t/ ref,t )+ T X t=1( lower,t/ ref,t (4.12)
A Vypper,t = abs (VLlltipsz,Dter - VrZ?ier) (4.13)

AViower, = abS(VLlI(-)I‘_/S'V,‘taT - #gyfr (4.14)

Computation cost assessment

Since this work aims to provide a practical assessment approach in engineering, model
computation cost in this assessment is important to be quantified. If the model has a
relative-lower computation cost, it can widely be accepted by the engineering.
Computation time is a vital indicator to assess the model computation cost. The
computation work is performed on the same computer to precisely obtain the
difference between the computation costs using the reference model and the empirical

cost model. The major specifications of the computer are shown in Table 4.4.

Table 4.4 The detailed specifications of the adopted computer

Items Major computer specifications
System version Windows 10
Processor Intel(R) Core (TM) 17-8700 CPU @ 3.20 GHz
Installer memory (RAM) 32.0 GB (31.8 GB usable)
System type 64-bit Operating system, x64-based processor

4.3.3 Results of the model accuracy validation and computation cost assessment

To directly reflect the impact of the sampling size on the model performance (i.e.,

accuracy and computation cost), five empirical cost models concerning different
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numbers of samples are developed. The number of samples is determined according
to the number of input variables and a multiple of ten. The resulting model accuracy
and computation time are shown in Table 4.5. A comparison of the accuracy and
computation load using these models is also shown in figure 4.3. It can be seen that,
with the number of samples increasing, the model accuracy increases while the
computation cost saving decreases. The trade-off is at the intersection of these two
lines. At this point, the model accuracy and the computation cost saving are both
relatively high (up to 80%). Thus, the recommended sampling size is 193,500. It
means that about 20% of exhaustive searching samples are the proper sampling size
needed and used for developing the empirical cost model. With this sampling size,

relatively high model accuracy and low computation cost can be achieved at the same

time.

Table 4.5 Accuracy and computation cost of empirical cost models
Model Sampling size ~ Accuracy Computation time
Empirical cost model 1 4x10! 3.00% 2.0s
Empirical cost model 2 4x10? 10.22% 195s
Empirical cost model 3 4x10° 41.59% 3.3 min
Empirical cost model 4 4x10* 64.46% 30.8 min
Empirical cost model 5 4x10° 89.45% 5.0 hr
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Figure 4.3 A comparison between accuracy and computation cost of the empirical

cost models
4.4 Microgrid performance assessment results and analysis

4.4.1 Overall correlations among REP, reliability, and overall cost of microgrid

adopting different energy portfolios

The correlations of the three performance indicators (renewable energy penetration,
reliability, and economics) are presented in a 3-D graph (Figure 4.4 (a)). Under given
renewable penetration and expected reliability, the maximum and minimum overall
costs are obtained according to the upper and lower boundaries of the proposed
empirical cost model. The lighter colour represents the higher overall cost, while the
darker colour represents the lower overall cost. The overall cost is high if high
reliability is required. If the reliability and renewable energy penetration are nearly
100%, the overall costs in the upper and lower boundaries are calculated as 2.0x10°

USD and 2.7x10%, respectively.
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Figure 4.4 (b) shows the difference (i.e., overall cost saving) between the upper and
lower boundaries, considering the different ratios of reliability and renewable energy
penetration. If reliability and renewable energy penetration are required at nearly
100%, the overall cost savings exceed 7.5%10° USD. It shows that the cost-saving
potential (i.e., 37.5%) of microgrid system optimization is high when both high

reliability and renewable energy penetration are required.

(a) (b)

Figure 4.4 Correlation among three microgrid performance indicators
4.4.2 Renewable energy penetration vs. economics

Figure 4.5 shows the correlations between renewable energy penetration and
economics under different microgrid energy portfolios. The upper and lower
boundaries are obtained according to the empirical cost model. The difference between
the minimum and maximum overall costs increases with the increase of renewable
energy penetration under the expected reliability. In other words, the microgrid has a
large cost-saving potential when the renewable energy penetration is high. It is worth
noticing that the lower boundary can provide a valuable guideline of the best economic
performance for the decision-makers at the microgrid planning stage. Almost all the
lower boundaries associated with different reliabilities have a similar trend. Under the

expected reliability, the overall cost decreases obviously with the increase of the
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renewable penetration at the range between 0% and 60.3%. If the renewable
penetration is over 60.3%, the overall cost gradually increases with the renewable
penetration (between 60.3% and 100%). Under relatively high expected reliability
(over 80%), compared to the 0% and 100% renewable penetration, the maximum cost
savings of the proper renewable energy penetration are about 12% and 6%,
respectively. Thus, 60.3% of renewable energy penetration is the best choice to

achieve good economics for the microgrid power generation system.
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Figure 4.5 The correlations between REP and economics of the different microgrid
energy portfolios under different reliabilities
To directly depict the impact of renewable energy penetration on the microgrid system
performance during the operation, Figure 4.6 shows the microgrid systems' monthly

power and load profiles with two different ratios of renewable energy penetration.
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Almost the same overall cost and reliability are considered in the two scenarios. Under
the low renewable energy penetration of 25% (first scenario), the backup power
generators are switched on nearly all the time. The system's reliability mainly depends
on backup power generation, while the intermittent nature of renewable power
generation has a relatively low impact on reliability. Under high renewable penetration
of 75% (Scenario 2), renewable power generation significantly impacts the system's
reliability. Due to the fluctuation and intermittent nature of renewable power
generation, renewable power generation sometimes varies from zero to over six times
the power consumption. Such a huge fluctuation in renewable power generation is also
a big challenge for the wear and tear of the major electrical facilities, such as inverters

and transformers.
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Figure 4.6 Monthly microgrid power and load profiles under two renewable energy
penetration scenarios

4.4.3 Reliability vs. economics

Figure 4.7 shows the correlations between reliability and economics under the
different microgrid energy portfolios. The upper and lower boundaries represent the
maximum and minimum overall costs. It can be seen that the overall cost increases
with the increase of the expected reliability in general. The overall cost will increase
by over six times if the expected reliability increases from 10% to 100%. It means
that the overall cost will be increased significantly if high reliability is expected. Solely
optimizing the energy portfolios cannot effectively limit the overall cost. Some other
technologies, such as the engagement of demand response and system flexibility,
should have promising potential to enhance reliability while limiting the overall cost

at the same time.
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Figure 4.7 Quantification results of the reliability and the economics

Figure 4.8 shows the microgrid systems' monthly power and load profiles with two
different reliability requirements (i.e., 80% and 90%). 60% of the renewable energy

penetration is selected in these two scenarios. Under the reliability requirements of 80%
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(the third scenario), the smaller capacities of the power generators are selected (i.e.,

maximum power generation: 2,850 kW). The larger capacities of the power generators

(maximum power generation: 3,350 kW) are selected to meet the higher reliability

requirements of 90% (the fourth scenario). Concerning economics, it can be seen that

overall cost can increase by over 12% to enhance the reliability from 80% to 90%, i.e.,

from Scenario 3 to Scenario 4.
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Figure 4.8 Monthly microgrid power and load profiles under two reliability

requirements
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4.5 Summary

This chapter proposes a multi-dimensional performance assessment framework for
microgrids at the planning stage. This framework can effectively assess the multi-
dimensional performance of the microgrid, considering three key performance
indicators, including economics, renewable energy penetration, and reliability. The
proposed assessment approach is tested and verified on an islanded microgrid located

on an island in the subtropical region.
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CHAPTER 5 A QUANTITATIVE APPROACH AND
SIMPLIFIED GENERIC TRANSIENT MOTOR
STARTUP POWER MODELS FOR MICROGRIDS

SECURITY ASSESSMENT

This chapter presents a quantitative approach to assess the security of microgrids'
dynamic load of power consumers. Section 5.1 introduces the procedure and methods
of the security assessment approach. Section 5.2 develops two simplified generic
transient models to quantify chiller motor startup performance, including inrush
current and startup time. Section 5.3 presents the results of the performance

assessment, and Section 5.4 provide a summary of this chapter.

5.1 Procedure and method of quantitative security assessment

5.1.1 Owutline of security assessments quantification procedure and method

Previously, the developed reliability performance indicators in the reliability
assessment are used to assess the power supply adequacy performance. Due to lacking
security performance indicators, security assessment is rarely considered and studied.
To bridge this gap, Figure 5.1 depicts the procedure of the microgrid security
assessments and its two major outputs, microgrid blackout risk, and system wear
potential. To quantify the microgrid blackout risk, the annual inrush load-embedded
dynamic load of the microgrid (defined as the “total transient load” in this study) is
the combination of the “instantaneous load” from the electrical equipment and the

“inrush load” from the startup of electrical equipment. Its load profile is estimated by
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adding its inrush current during chiller startup on its annual dynamic electrical load

profile.

To quantify the microgrid blackout risk, the annual dynamic electrical load profile is
generated in the first step using the microgrid model based on the power load profiles
of the cooling systems and other electrical appliances. The power load profile of the
cooling systems is obtained using the cooling load profile estimated based on annual
weather data, internal load, and occupant profile. In the second step, the inrush current
is estimated using an inrush current model according to chiller specifications. In the
third step, according to the presumed chiller capacity and the estimated cooling load
profile, the chillers' startup (and stop) profile is determined through chiller startup
evaluation. In the fourth step, by using the annual inrush load-embedded dynamic load
profile of the microgrid generated by combining the inrush current, chiller startup
profile, and annual dynamic electrical load profile, the overloaded transient load, is
estimated. At last, the microgrid blackout risk is obtained using the total overloaded

transient load and the presumed failure probability function of the microgrid.

To quantify the system wear potential, the inrush current and startup time of chillers
are first calculated using the developed inrush current and startup time models,
respectively. Then, inrush current shock is estimated using inrush current and startup
time. The system wear potential is at last quantified based on the estimated overloaded
transient load of the microgrid and its inrush current shock. The microgrid blackout
risk and system wear potential can provide quantitative indexes to assess microgrid

security.
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Figure 5.1 Outline of the proposed security assessment
5.1.2 Determination of microgrid transient load capacity

The annual inrush load-embedded dynamic load profile of a microgrid is a dominating
factor in system security. The operation of a microgrid can be classified into two
operation states, the normal operation state, and the overload operation state, as shown
in Figure 5.2. In this study, the operation state of a microgrid at a particular time is
determined by its total transient load. When the total transient load of the microgrid is
below its rated capacity, the grid operates at a normal operation state. At this state, the
failure probability of the microgrid is ignorable. When the total transient load of the
microgrid is below its rated capacity, it operates at a normal operation state. At this
state, the failure probability of the microgrid is ignorable. When the total transient load
is above its rated capacity, the grid operates at the overload operation state, which is
regarded as an overloaded case. When the total transient load is between the rated
capacity and the transient load capacity, the failure probability is moderate, and the
microgrid is considered to operate at the moderate-risk region. When the total transient
load is above the transient load capacity, the failure probability is high, and the

microgrid is considered to operate at the high-risk region.
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Figure 5.2 Schematic representation of the microgrid operation states
Transient load capacities between 110% and 263% have been tested (Choi et al., 2018).
150% of rated capacity was recommended as the transient load capacity of a microgrid
in that study. Another study (Endo et al., 20007) recommended 140% of the rated
capacity as the transient load capacity of a power grid, where the transformer
properties were the main concern. In this study, the transient load capacity is set to

140% of the rated capacity.
5.1.3 Introduction of equivalent overloaded load

The intensity of the overloaded transient current is normally used to detect and
evaluate the system state according to the presumed threshold of the overloaded load
limit. The voltage and power factor are assumed to be constant in this study. The
overloaded transient load is usually used in system state evaluation without
considering the duration, as the duration of peak current is not easy to be quantified.
However, both the duration and the intensity of the overloaded transient load

significantly impact system security. For instance, a 200 kW overloaded transient load
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with 0.1s and a 200 kW overloaded transient load with 0.5s pose the same threat to the
system security if the duration is not considered. Therefore, in this study, an equivalent
overloaded load is introduced to reflect both the intensity and duration of an
overloaded current/load, following the common practice of using load or current. The
equivalent overloaded load (Lggy,) is defined as the equivalent load of the same
overloaded energy over the “reference duration” in Eq. (5.1), where L,,, is the
overloaded current or load and AT is the reference duration. In this study, the reference
duration is 0.2 seconds, as inrush current typically lasts about ten cycles (Cui et al.,
2005).

[ Love(t)dt
Lequ = At (5.1)

5.1.4 Formulation of the quantitative approach

Estimation of the chiller startup profile

The commonly used sequence control scheme, conventional total-cooling-load-based
chiller startup, is adopted to estimate the chiller startup profile. According to (Zhuang
et al., 2020), Eq. (5.2) describes the selection of the number of operating chillers at a
particular cooling load of a chiller plant in a microgrid or a building, where Nt is the
number of the chiller startup, and CL; is the microgrid cooling load at the time 7. Capcni

is the chiller capacity in operation.

Nt = ceil( CLe ) (5.2)
Capchi

Formulation of failure probability distribution and assessment of blackout risk

A microgrid has different failure probabilities under different instantaneous loads. To

perform a quantitative blackout risk assessment, the annual inrush load-embedded
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dynamic load profile and failure probability distribution under different simultaneous
loads are needed. Thus, the accumulated annual number of microgrid blackouts
(Racom) and the annual average failure probability (R,,) of overloaded cases can be
calculated by using Eq. (5.3) and Eq. (5.4), respectively. Where, the number of

overloaded cases is N,,,, and FP is the failure probability.

Rocom = Z FP X Nyye (5.3)
Racom

R, ., = 54

av Nove ( )

The failure probability FP is defined as shown in Eq. (5.5), which is obtained by
multiplying the occurrence probability Oc(Fa) and the severity probability Se(Fa)
(Li et al., 2015). The occurrence probability Oc(Fa) and the severity probability
Se(Fa) can be calculated by the failure mode and effects analysis (FMEA). Where, a
10-point FMEA scale is used according to the review of Liu et al. (2013). In the
literature, several models were proposed to describe the failure probability
distributions (Henneaux, 2015). The failure probability distributions were assumed to
follow a linear function in (Chen et al., 2005; Zima and Andersson, 2005). An
exponential function (Nedic, 2003) and cumulative distribution function (CDF) (Bhatt

et al., 2009; Lee, 2008) were also proposed.

FP = Oc(Fa) X Se(Fa) (5.5)
In fact, a large amount of site or experimental data regarding microgrid failure cases
is needed to determine the exact failure probability distribution statistically, but it is
hardly available. A linear relation is not reasonable. For instance, if the magnitude of
the overload is reduced by half, the failure probability of the microgrid would be

reduced by more than half of its previous risk. A power function for the failure
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probability is proposed by simplifying the above exponential function and the
cumulative distribution function, and ; is set to two in this study, as shown in Figure
5.3 and Eq. (5.6). The failure probability distributions are adopted according to the
different operation states in this study. The failure probability is set to zero when the
instantaneous load is below the rated capacity. When the instantaneous load is between
the rated capacity and the transient load capacity, the failure probability is set to
functions of the instantaneous load, as shown in Eq. (5.6). When the instantaneous
load is above the transient load capacity, the failure probability is set to one.
0 (0% < PL < 100%)

FP =< ax PL/(100% < PL < 140%) (5.6)
1 (140% < PL)
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Figure 5.3 Functions of the failure probabilities in different partial load ratios

Estimation of inrush current shock and system wear potential

The startup of any electromagnetic facility causes an inrush current, which naturally
leads to an inrush current shock to the microgrid concerned. However, this only leads
to an effective inrush current shock when it pushes the total transient load of the
microgrid above the rated capacity. It is proposed to quantify the strength of an inrush

current shock as the total transient load over the rated capacity (i.e., the part of load
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over the rated capacity) accumulated over time, as shown by Eq. (5.7). The
accumulation of total overloaded cases, shown in Eq. (5.8), is used to quantify the
system wear potential over the entire operation period of concern, where n is the

number of overloaded cases during the operation period of concern.

Inrush current shock (ICS) = f Lins(0)dt (5.7)

n
System wear potential (SWP) = Z ICS (5.8)

=1

5.2 Development and validation of transient startup power models

for chillers/motors

5.2.1 Basic assumption and features of models and the model development

procedure

Figure 5.4 shows a typical inrush current waveform and the simplified waveform
assumed in this study. The real inrush current waveform is shown in Figure 5.4 (a) and
the basic assumption of inrush current calculation is shown in Figure 5.4 (b). As shown
in Figure 5.4 (a), the inrush current reaches its peak at the beginning, and then it
gradually decreases until it stabilizes at the steady-state current, typically within one
second. The peak current is defined as the inrush current value, and the duration is
defined as the startup time. To simplify the waveform representation of inrush current
in the modeling process, a triangle waveform is assumed, as shown in Figure 5.4 (b),
where the current reaches its peak at the start and then decreases following a linear

function.
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Figure 5.4 Schematic representation of inrush current waveform and basic

assumption of inrush current calculation

The features and benefits of the transient startup power models for chillers/motors
developed in this study are summarized as follows. They are generic and simplified
empirical models. The models can directly calculate inrush current and the startup time
for different chillers and motors using a common-used starting mode (i.e., directly
starting). Meanwhile, unlike the physical models, these simplified empirical models
have much lower computational costs. In general, models with fixed coefficients
benefit from the high accuracy in the training domain but suffer from poor accuracy
in wide applications. To overcome this limitation, data from three large manufacturers
(Siemens, Asea Brown Boveri, and Leroy-Somer) are used in the model development
and validation, increasing their accuracy and robustness. Similar models of
chillers/motors using other starting modes can be developed using the same approach
based on the startup performance data of motors of corresponding starting modes (e.g.,

star-delta starting or soft starting).
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Figure 5.5 shows the procedure for model development. Firstly, the motor or chiller
specifications of a particular manufacturer (i.e., Siemens) are inputted into the detailed
physical motor model (i.e., existing components in Matlab-Simulink). This model is a
classical physical model, which is proven to be accurate and reliable when predicting
the transient behavior of motors during startup (Ansari and Deshpande, 2010). The
startup performance is then simulated using the motor model. The simulation results
using the motor or chiller specifications are then analyzed to identify coefficients of
the pre-selected empirical models (i.e., polynomial functions). Only the significant
input variables remain as the inputs of the empirical models to keep the models simple.
The Residual and R-squared values are analyzed to evaluate the model deviation.
Model fitness verification is conducted to ensure prediction accuracy. Finally, the
simplified generic empirical models are validated using the startup performance data

of the other two motor manufacturers (i.e., Asea Brown Boveri and Leroy-Somer).

Inputs: the motor/chiller specifications |
from different manufactures |

!
Startup performance simulation in
Physical models (Matlab-Simulink)

Simulation result and the
motor/chiller specifications
Y

7 N,

Empirical model developments
!
Model fitness verifications

v

Model validations
]

Empirical models of the inrush current
and startup time

Other manufacturing data

F 3

7 ~
~ -

Figure 5.5 Procedure of the model development
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5.2.2 Identification of input variables of significance and model inputs

At the preliminary stage of model development, all eight motor/chiller specifications
are selected and tested as the input variables of the motor/chiller models. As the
objective of the model development is to obtain simplified generic models of accepted
accuracy, simple functions were tested. It was found that first-order proportional
functions of individual input variables combined with the first-order proportional
functions of the combinations of these input variables (i.e., XixX;) satisfy accuracy
expectations. Table 5.1 shows the list of motor specifications and input variables of
models. Two major steps are involved in model development, including identifying
the input variables (i.e., the terms) of significance using the ANOVA (a statistical

approach) method and determining the model coefficients using regression analysis.

Table 5.1 List of motor specifications and model inputs

Specification/input variable Unit Symbol
Motor capacity kW A
Nominal electrical current A B
Maximum electrical current A C
Nominal Torque Nm D
Maximum Torque Nm E
Speed difference rpm F
Initial partial load % G
Power factor % H

5.2.3 Inrush current model and startup time model

The transient startup power models for chillers/motors to be developed include an
inrush current model and a startup time model. The final forms of the simplified
generic inrush current model and the startup time model developed are presented as

shown in Eq. (5.9) and Eq. (5.10), respectively. The input variables included in the
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models are those of significance identified among the input variables (including the
combinations of any two variables), according to the P-value using the ANOVA
method. Inrush current and the startup time are represented as the first-order
proportional functions of individual input variables together with the first-order
proportional functions of the combinations of input variables, which are identified to
be significant. Regression analysis, as a well-known statistical method, is used to
determine the coefficients of the models using the motor startup performance data.
The coefficients and parameters of the inrush current and startup time models are

presented in Table 5.2 and 5.3, respectively.

Leyrrent = [01 0 03 04] X [Vfiurrent Vgurrent Vgurrent Viurrent]T 19 (5.9)
Tstartup = [0, 05 03 ... 011] X [V1tlme vyme . Vltime] +0 (5.10)

Table 5.2 Detailed information of the inrush current model

Coefficients
0 d, J3 d, a
31.25 -12.98 0.67 -705 579
Parameters
Vlcurrent Vzcurrent V3current V4current _
A B C H -
Table 5.3 Detailed information on the startup time model
Coefficients
04 d, ds 04 Js Je
2.152x10! -6.8 -4.48 -2.8x10° -4.41x10? 8
01 d, d3 04 Js d
1x10® -1.265x107! 2.58x10? 1x107 -1x107 4.35
Parameters
Vltime Vztime Vgtime V4time Vstime V6time
A G H AXB AxG GxH
V7time Vé&ime Vgtime Vlt(l;me Vltlime
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CxD AxH BxG CxE DXxE

5.2.4 Identification of inputs for inrush current and startup time models

Two model formats are considered for both inrush current and startup time models.
One (namely “linear model”) includes the first-order items of the individual input
variables only, and the other (namely “nonlinear model”’) involves both the first-order
items of the individual input variables and the combinations of any two input variables.
Between these two models, the linear model, which is simpler and has satisfactory

accuracy, is eventually selected for use in this study.

The P-value is used to determine input variables' impact on model outputs, thereby
identifying the most significant inputs. Commonly, the P-value threshold is set to 0.05,

and input variables with a P-value above the threshold are removed.

Inrush current models

According to the P-value, the significant input variables and their combinations, i.e.,
those having significant impacts on the inrush current, can be determined. Figure 5.6
(a) and Figure 5.6 (b) show the individual input variables and the combinations of the
input variables, respectively. Eventually, Eq. (5.11) and Eq. (5.12) are the final formats
of the linear model and nonlinear inrush current models, where the significant items,
i.e., those having P-values below the threshold (0.05), are identified and used as the

inputs of both inrush current models, respectively.
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Figure 5.6 Identification of inrush current model inputs of significance
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peak,lin = [61 62 63 64] % [leeak,lm Vzpeak,lm I/})peak,lm V4peak,lm] + 0 (51 1)

, , T
_ peak,nonlin y,peak,nonlin peak,nonlin
Ipeak,nonlin - [al a2 ---619] X [V1 Vz V19 ] + 0 (512)

Startup time models

Using the P-value, the significant input variables (i.e., the terms) of startup time are
identified, as shown in Figure 5.7 (a) for the linear model and Figure 5.7 (b) for the
nonlinear model, respectively. The final forms of these two models, including the

remaining inputs, are shown in Eq. (5.13) and Eq. (5.14), respectively.

Tstareiin = [01 05 03 04] X [Vlstart,lin sttart,lin V3$tart,lin V:Lstart,lin]T +a (5.13)
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Figure 5.7 Identification of startup time model inputs of significance
5.2.5 Identification of model coefficients and fitness verification

The coefficients of the significant input variables (i.e., the terms) are determined based
on regression analysis. R-squared (R?), as a statistical measure, refers to the proportion
of the variance for a dependent variable, which is explained by independent variables
in a regression model (Cameron and Windmeijer, 1997). The model fitness evaluation
is conducted according to the values of the R’. If the R’ of the model is one, the model

prediction is perfectly accurate. Thirty-six motors of different specifications, each with
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three different initial partial loads, are considered. A total of 108 samples are involved

in the model development and training.

Inrush current models

Residuals can be represented by the actual residual and standardized residual,
respectively. The former represents the deviation between the outputs of the proposed
model and the actual performance data. Figure 5.8 (a) shows the actual deviations of
linear and nonlinear inrush current models in all working conditions with available
performance data. Figure 5.8 (b) shows the box charts of the standardized residuals
for these two models. Most standardized residuals are within [-1, 1], while the range

of [-2, 2] remains acceptable.

g0 | —a—[ inear model —e— Nonlinear model
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50 | @ 2
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Figure 5.8 Actual residuals (a) and standardized residuals (b) of linear and

nonlinear inrush current models

Figure 5.9 shows the fitness of these two models over the working conditions
concerned. Both linear and nonlinear models can accurately predict the motor inrush
current and have similar accuracy. As the linear model is much simpler, it is selected

and recommended for predicting motor inrush current.
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Figure 5.9 Fitness verification of the two inrush current models

Startup time models

Actual and standardized residuals of the linear and nonlinear startup time models in
all working conditions with available performance data are shown in Figure 5.10 (a)
and Figure 5.10 (b), respectively. The residual of the linear startup time model is
higher than that of the nonlinear model. The box charts in Figure 5.10 (b) show their

standardized residuals, where most standardized residuals are within [-1, 1] as well.
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Figure 5.10 Actual residual and standardized residual for the startup time model

Figure 5.11 shows the fitness of these two startup time models over the working
conditions concerned. The nonlinear model predicts startup time with satisfactory
accuracy (R?=80.24%), while the linear model has an R? of 71.78% below the normal
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threshold for satisfactory accuracy (R’=80%). Thus, this study selects the nonlinear

startup time model for startup time prediction.
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Figure 5.11 Fitness verification of the startup time model

5.2.6 Model validation

As mentioned in Section 5.2.1, the performance data of the motors from the other two
major manufacturers (Leroy-Somer and Asea Brown Boveri) are used to validate the
models. The validation is conducted using two criteria, Normalized Mean Bias Error
(NMBE), shown in Eq. (5.15), and Coefficient of Variance of the Root Mean Square

Error (CVRMSE), shown in Eq. (5.16). These criteria are both widely used in model

validation.

ZItV=1(dt —S¢)

NMBE(%)= 171><(N—p) X 100 (5.151)
y (de— St)z
jzm—(zv —) (5.16)
CVRMSE (%) = - x 100

where, d; and s; are the values from actual performance data and model predictions,
respectively. N is the number of total data points. m is the average value of the actual

performance data. p is the number of the adjustable model parameters.
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Table 5.4 presents the model validation results of the inrush current and startup models.
The motor specifications are referred to the published information/data from the three
manufacturers (Leroy-Somer, 2013; ABB, 2020; Siemens, 2021). There are 108 data
sets, i.e., 36 motors of different specifications, each having three initial partial loads.
Therefore, a total of 324 (108x3) samples are used in the model validations. Most of
the NMBE values are lower than 10%, and the CVRMSE values are lower than 20%,

indicating that the accuracy of the models is acceptable.

Table 5.4 Model validation results

Inrush current model Startup time model
Manufacturer

NMBE(%) CVRMSE(%) | NMBE(%) CVRMSE (%)
Leroy-Somer 7.63 5.12 8.70 19.61
Asea Brown Boveri (ABB) | -11.65 6.34 -7.51 14.11
Siemens -3.47 5.3 3.60 17.80

5.3 Security assessment and assessment results

5.3.1 Overview of the microgrid assessed and estimation of annual inrush load-

embedded dynamic load profile

The microgrid used in this chapter serves a holiday hotel on a remote island in Hong
Kong. Hong Kong is located in the subtropical region with a long hot and humid
summer. The chiller plant consumes a large portion of the electricity for cooling and
dehumidification. The rated capacity of the microgrid is 2,000 kW, and the transient
maximum overloaded capacity is 2,800 kW using 140% of the rated capacity, as
mentioned in Section 5.1.2. The basic information about the hotel has been introduced
in Section 3.1, and the detailed microgrid model is introduced in Section 3.2. To
simplify the calculation, the coefficient of performance (COP) of the chillers is

assumed to be four as a constant. Based on the developed TRNSY'S model, the annual
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dynamic cooling load and annual dynamic electrical load profile are simulated and
obtained, as shown in Figures 5.12 (a) and 5.12 (b), respectively. The typical annual

Hong Kong weather data is used in this simulation.
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Figure 5.12 The profile of the annual dynamic cooling load (a) and dynamic

electrical load (b) in the hotel microgrid

The total capacity of chillers is determined based on the maximum annual cooling load
multiplied by a factor of 1.2. To study the impacts of chiller size on the inrush current,
the sizes of chillers selected range from 80 kW to 3,000 kW, including 37 scenarios
in total, in the study. This is equivalent to a 20 kW to 750 kW motor as well as a ratio
of microgrid capacity from 1% to 37%. The detailed test results of three typical
scenarios involving very small chillers (15 chillers of 400 kW, 14 duty and one
standby), medium chillers (six chillers of 1,200 kW, five duty and one stand-by), and
very large chillers (three chillers of 3,000 kW, two duty and one stand-by) respectively
were presented. A high number (i.e., 15) of chillers is set by considering the scenario
when multiple buildings with a high aggregated number of chillers are involved in a
microgrid. In this scenario, the building considered in the assessment can be regarded

as a “virtual building” with aggregated loads from multiple buildings.

The microgrid model consists of the supply-side system model and the demand-side
system model. The demand-side system model is developed using TRNSY'S according

to the presumed specifications of the demand side. The supply-side system model is
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virtual, which is developed by assuming the power supply and demand are balanced.
Inrush current in the microgrid system is further predicted by estimating the annual
chiller operating sequence profile. When an additional chiller starts in operation, an
inrush current occurs. This inrush current is added to the dynamic electrical load of
the microgrid to form the inrush load-embedded dynamic load profile. Figure 5.13
shows the inrush load-embedded dynamic load profiles of three typical scenarios in a
month. Only the profiles during a month are presented to make them clear to readers.
When using very small chillers, the total transient load of the chiller startup has a
negligible impact on system security. In fact, the chillers, with very frequent startups
(more than 80 activations per month), may pose a higher risk to damage the chillers
and reduce the life of chillers. In the second typical scenario, the total transient load
increased greatly during the chiller startup. It occasionally even exceeded the rated
capacity of the microgrid (the green line in figure 5.13) but remained lower than the
transient load capacity of the microgrid. The microgrid risked blackout due to the high
inrush current but said the risk was not high. In the third typical scenario, despite a
low frequency of chiller plant startup, the risk of system blackout was almost 100%.
The very large chillers are hard to operate efficiently, as the cooling load ratio was
very low, and chillers operated at low COP most of the time. Although the low
frequency of startup reduced the inrush current frequency, the instantaneous load due
to the huge inrush current was much higher than the microgrid transient load capacity
and thus posed a big threat to the microgrid security. Therefore, the chillers selected
should not be too large. To obtain a reasonable arrangement for chiller size, a detailed
analysis of the impact of chiller size on microgrid security is further conducted in the

following sections.
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Figure 5.13 Three scenarios of the monthly number of the chillers in operation and

their inrush load-embedded dynamic load profiles of the microgrid employing three

different sizes of chillers

5.3.2 Results of risk-based microgrid capacity quantification and analysis

Risk-based microgrid capacity quantification is accomplished by determining the

cumulative number of microgrid blackouts and the average microgrid blackout risk

across all overloaded cases over a year. The cumulative number of microgrid blackouts

is the accumulation of the failure probabilities of all overloaded cases in a year. The

average microgrid blackout risk is the average risk of all overloaded cases, which is

the accumulation of the failure probabilities divided by the total number of overloaded
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cases over a year. The first indicator reflects the comprehensive risk of blackouts
through the estimated frequency per year. The second indicates the average probability

of individual overloaded cases.

Figure 5.14 shows the quantification results among the different motor capacity ratios.
When the ratio is lower than 8%, the cumulative times of microgrid blackouts and the
average microgrid blackout risk of overloaded cases are zero over one year. In other
words, if the presumed microgrid rated capacity is 2,000 kW, the chiller motor
capacity should be no more than 160 kW for the hotel microgrid to keep the blackout
risk at a negligible value considering the inrush current due to motor startup. The
presumed rated capacity is obtained according to the peak electrical load from the
dynamic electrical load profile in this study. In normal design practice, the rated
capacity is determined based on the peak electrical load multiplied by a safety factor
of 1.2 and a surge factor of 1.5 (1.8 in total) or more. If the ratio is lower than 8%, the
instantaneous load involving inrush current from the chiller startup has no effective
impact on microgrid system security. The motor capacity ratio is typically less than
0.083 for using the chillers of medium size, a normal chiller size for a hotel of such
scale, if microgrid capacity is multiplied by a safety factor and a surge factor. In this
case, inrush current from motor startup would not lead to significant microgrid

blackout risk.

In addition, the cumulative number of blackouts changed from increase to decrease
after the capacity as individual chiller motor size reached 580 kW, or over 29% of
microgrid capacity, as shown in the red dash box of the top figure. However, it does
not mean that the security of the microgrid system increases. The cumulative number
of microgrid blackouts fell due to the limited total number of chiller startups in the test

cases. Compared with the scenarios using small chillers, the number of operating
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chillers in the system using large chillers is not sensitive to changes in cooling load in
operation. Looking at the average microgrid blackout risk of individual overloaded
cases, as shown in the bottom figure, the average risk of the microgrid blackout almost
reaches 100% in the cases when the ratio of motor capacity exceeds 29% of microgrid

capacity.
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Figure 5.14 The microgrid blackout risk quantification in the overloaded cases

among the different motor capacity ratios

5.3.3 Results of microgrid system wear potential quantification and analysis

The system wear potential is quantified by the total inrush current shock of the
overloaded cases using the annual inrush load-embedded dynamic load profile of the
microgrid. The high system wear potential means that the system has high
maintenance costs. In cases using small chillers/motors, the startup frequency of the
chillers is high, while the inrush current per individual startup is small. In contrast, in
cases using large chillers/motors, the startup frequency of the large chillers is low,

while the inrush current of an individual startup is large.

Figure 5.15 shows the system wear potential using different sizes of chillers. The
system wear potential increased with the increase of the motor capacity ratio.
Overloaded cases were rare when the motor capacity ratio was low (especially below

8%). The system wear potential due to inrush current shock was negligible. As the
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ratio increased, system wear potential rose sharply. Limiting the motor capacity ratio
to 8% (so that the motor capacity is =160 kW) is recommended to decrease the impact

of the system wear potential on the maintenance cost.
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Figure 5.15 System wear potential quantification among the different motor

capacity ratios
5.4 Summary

This chapter proposes a quantitative approach for microgrid security assessment at the
design stage by considering dynamic loads of power consumers (e.g., chiller). Two
simplified generic transient models are developed based on the ANOVA method to
quantify the dynamic startup performance of chiller motors. The microgrid blackout
risk and the system wear potential are the two major outputs of the assessment. The
quantitative approach and simplified generic transient startup power models are tested
on a hotel microgrid on a remote island. It is found that the approach and models can
effectively assess both microgrid blackout risk and system wear potential due to inrush

current.
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CHAPTER 6 COORDINATED OPTIMAL DESIGN OF
ISLANDED MICROGRIDS FOR ENHANCED
RELIABILITY AND ECONOMICS BASED ON

QUANTITATIVE SECURITY ASSESSMENT

This chapter presents the procedure and methods of the proposed coordinated design
optimization method for microgrids, simultaneously considering the parameters on the
supply and demand sides. Section 6.1 presents the procedure and methods of the
proposed coordinated design optimization method for microgrids. Section 6.2 presents
the basic information of the design variables, and Section 6.3 presents the results of
the optimization case studies and performance analysis. In the end, Section 6.4 provide

a summary of this chapter.

6.1 Procedure of the developed coordinated optimal design

6.1.1 Procedure and its major steps

Since the background of microgrid designers is in electrical engineering mostly, the
load calculation of the microgrid is assumed with peak value, or the designs of
electricity facilities on the demand side are optimized by the designers in the building
energy engineering field. Thus, existing microgrid optimal design methods (namely,
conventional optimal design method in the rest of this paper) are typically separated
into two stages, illustrated in Figure 6.1 (a) to easily understand the optimal design
method. In Stage 1, the design variables of the systems on the demand sides are
optimized within their searching ranges to make a trade-off between energy use

efficiency and cost. The electrical demands of the microgrid, including the cooling
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load from HVAC system and the electricity consumption of other electrical appliances,
are then calculated according to the optimized results. In Stage 2, the power generation
and battery storage design variables are optimized within their search ranges based on
the demand-side loads and the weather condition. The reliability index is one of the
optimization constraints to secure power supply adequacy. After the supply-demand
system design optimization, the microgrid capacity is determined based on the peak
power consumption of the optimized supply-demand systems by using presumed
safety and surge factors to design the main electrical facilities (e.g., inverters, rectifiers,
and electrical cables) in the microgrid. The surge factor is adopted to enhance the
ability to withstand disruptions (e.g., the start-up inrush current) from main

electromagnetic facilities at the demand side and thus to meet the security requirement.

The coordinated optimal design method is developed for supply and demand systems
in the microgrid based on the weather data and occupant profile, as shown in figure
6.1 (b). The impacts of the startup of the designed main electromagnetic facilities at
the demand side on the microgrid security are assessed quantitatively and considered
as the optimization constraints and power supply adequacy. The optimal design
solution of microgrid energy systems can then be obtained by making a trade-off
between system reliability and overall cost. After the supply-demand system
optimization of the microgrid, the microgrid capacity is determined based on the peak
power consumption of the optimized supply-demand systems by solely using a safety

factor to design the main electrical facilities in the microgrid.

Compared with the conventional design method, the advances/benefits of the proposed
coordinated optimal design method include: (i). the impacts of demand-side system
design on the system security are quantitatively assessed and considered in the design

optimization of microgrid systems instead of using a simple surge factor; (ii). a trade-
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off between system cost and microgrid reliability (particularly microgrid security) can
be achieved instead of enlarging the microgrid capacity roughly by using a surge factor

to meet the microgrid security requirement.
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Figure 6.1 Procedure of the conventional optimal design method and the proposed
coordinated optimal design method for power generation and demand-side systems

of microgrids

6.1.2 Optimization objectives for optimal microgrid design

The optimal function F of the microgrid design is formulated as Eq. (6.1), which
includes two sub-objective functions formulated as Eq. (6.2) for cost and Eq. (6.3) for

carbon emission.

Overall objective function:  F,,, = (F.os, Fomi) (6.1)
Sub-objective function 1:  Fos(Xgem Xsup) (6.2)
Sub-objective function 2:  Fopi(Xaem» Xsup) (6.3)

SubjeCt to: Xdem,min < Xdem < Xdem,max

X, < Xeup < X

up,min = Asup = dsup,max

where X is the vector of the design variables, the subscript “cos” refers to the overall
cost, and the subscript “emi” refers to carbon emission. The subscript “dem” refers to
demand-side power consumers, while the subscript “sup” refers to suppliers. The

microgrid design variables are optimized concerning their own searching ranges.

The overall objective of the microgrid design optimization is to minimize the
microgrid's overall cost (Cov). Optimization can be conducted in weather conditions
over a particular period, such as a typical year to effectively quantify the overall cost.
As shown in Eq. (6.4), the overall cost (i.e., annual cost) of the entire system is a sum
of the microgrid costs, is further divided into the average annual initial cost (Cini) of
the microgrid facilities, the annual operation cost (Cop) of the backup power
generation and carbon emission cost (Cem:). The initial cost of the microgrid facility is

calculated by multiplying the design size and number by the unit price of the facility.
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Considering the unit price of the microgrid facility may fluctuate greatly in the future,
a simple calculation considering the impacts of the lifetime on the initial cost is
considered while the discount factor is not considered in this design. The lifetime of
the facility and the initial cost are used in the calculation of the average annual initial
cost that the investors have to pay per year, as shown in Eq. (6.5). For instance, if the
life cycle of one wind generator is assumed at 15 years, where the average annual
initial cost is one-fifteenth of the initial cost if the interests of the investments are
ignored. The annual operational cost is the primary energy cost obtained by the power

generation from the backup generators, as shown in Eq. (6.6).

Fove = Cove = Cini + Cope + (6.4)

Cini = Z(Cfac,k x1/Y) (6.5)
8760

Copt = (Z Pgpg) X GPgpg (6.6)
t=1

where the Cr,  is the initial cost of the kth microgrid facility and the Yy, is the total
number of years for the life cycle of the kth microgrid facility. The subscript “fac”
refers to the microgrid facility. The subscript “BPG” refers to backup power generators.
PEp¢ is the power consumption of the backup generators and GPgpg; is the unit price

of natural gas.

Besides, the carbon emission cost is the carbon emission tax (or equivalent cost) that
the investors have to pay for the carbon emission due to the combustion from backup
power generators, as shown in Eq. (6.7). Where, T,,,; is the carbon emission tax and

cefgpc 1s the carbon emission factor of backup generator combustion.

8760

Cemi = (Z PéPG) X Temi X CefBPG (6'7)

t=1
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6.1.3 Constraints for microgrid system design

Microgrid reliability measures the system's overall ability to meet the demand during

the operation. Hence, the constraints include both power supply adequacy and security.

Power supply adequacy

To ensure the power supply adequacy during the operation, the equivalent loss factor
(ELF) as an index is adopted, as shown in Eq. (6.8) proposed by Allan (2013) and
Baghaee et al. (2016), where t represents the time step, which is involved in the system
reliability evaluation. The capital ‘T’ is the number of the total steps. E(t) is the
energy not supplied at time step t. According to the definition, the number and the
magnitude of outages are embodied in this equation. Two levels have been commonly
adopted by Garciaa and Weisser (2006): ELF below 0.01 and ELF below 0.0001. The
former is mostly adopted in some rural areas, while the latter is mostly adopted in
developed countries/regions. Hence, the middle value (0.001) in between is adopted

in the study.

T
ELF =1/T E(t)/Paem,; < 0.001 (6.8)
1

t=

Microgrid security

The surge factor (SuF) and safety factor (SaF) are normally adopted in microgrid
capacity determination to limit the load fluctuation within a safe range. Setting SuF as
the aside margin aims to handle the inrush current due to the startup of the
electromagnetic facilities (e.g., chillers), while SaF' is set to consider the peak load.
According to Xu et al. (2016) and Isatezde et al. (2018), the SuF and SaF are

recommended as 2 and 1.1, respectively. The microgrid capacity (Capmic) is
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determined according to these two factors and peak load (Ppeqk), as shown the Eq.

(6.9).

Capmic = Ppear X (SaF + SuF) (6.9)

The conventional optimal method focuses on providing a reliable capacity in operation
without considering the contribution of the demand-side systems for the microgrid
security of the entire system. On the contrary, the surge impact is quantified and
evaluated in the proposed coordinated optimal design method. 140% of the rated
microgrid capacity as the transient load capacity is assumed as Endo et al. (2007)
recommended. In this study, the “transient load” refers to the combination of the load
from the demand-side energy system and the load due to the inrush load startup of
electromagnetic facilities. The “inrush load” is obtained according to the inrush
current from the electromagnetic facility startup. The transient load ratio is the
transient load to the microgrid capacity. The microgrid system blackout will occur if
the transient load ratio exceeds 140% of the rated capacity. If the transient load ratio
is between 100% and 140%, the risk of the microgrid blackout is negligible. However,
within the range (from 100% to 140%) of the transient load ratio, the risk of system
wear and tear (Ry 4r) exists as shown in Eq. (6.10). Where, N,,,, 1s the occurrence
number of the transient load ratio between 100% and 140% and N4, 1s the number
of the electromagnetic facility startup. To avoid the microgrid blackout and decrease
the risk of system wear and tear effectively, the ratio of the largest electromagnetic
facility capacity (EF;;,) to the microgrid capacity (Capmic) has to be set below 8%,
according to the study in Section 5. Besides, the SaF is also set to consider the peak
load. In summary, the limits for the surge and safety impact are set as the constraints

in coordinated optimal design, as shown in Eq. (6.11). and Eq. (6.12).
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Ryar = Nove/Ntot (6.10)
EFg;,/Capmic < 8% (6.11)

CaPmic = Ppeak X SaF (6.12)

6.2 Overview of the design case study and the microgrid system

models

6.2.1 Description of the microgrid and its control strategies

The introduced holiday hotel, as shown in Section 3.1, is selected in the case study.
Besides, the following typical control strategies are implemented in the case study.
The priority (high to low) of power supply is renewable power generators, power

charging from the battery storage, and backup power generators.
6.2.2 Basic information on the design variables and their search ranges

Table 6.1 shows the design variables and their search ranges in this case study. Seven
key variables of four main categories are involved. In the first category, two common
renewable energy resources (i.e., solar radiation and wind energy) are adopted as
renewable power generation, while natural gas is chosen as the backup source
considering the Hong Kong government policy. Using a battery as an energy storage
facility is another essential solution for addressing renewable power generations of
intermittent nature. On the demand side, the power consumption from the electrical
chillers contributes a large percentage of the building power consumption in tropical
and subtropical regions. Meanwhile, the frequent start/stop of chillers significantly
impacts the microgrid's security. Thus, the size and number of the electrical chillers

are selected as the key design parameters to be optimized on the demand side. To
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consider the security of the entire microgrid system in the optimization, the microgrid

capacity is also selected as another key design parameter to be optimized.

Table 6.1 Design parameters to be optimized and their search ranges

Category Design parameter Search range Unit
Wind generator capacity [0, 1000] kW
P ti
owet genetation PV areas [0, 15000] m?
system
Gas generator capacity [0, 6000] kW
Energy storage Battery capacity [15,2000] kWh
Chiller size [500, 3000] kW
Demand-side systems
Chiller number [2, 5] N/A
Microgrid system Microgrid capacity [0, ] kW

In microgrid design optimization, the genetic algorithm (GA), one typical heuristic
algorithm in a toolbox of Matlab, is adopted as the optimization algorithm, which can
effectively solve the optimization problem. The basic performance and cost data of
the main microgrid facilities used in this study are listed in Table 6.2. Besides the unit
prices of the major facilities, microgrid component costs are introduced to consider
the initial cost associated with the microgrid capacity, which is assumed to be
proportional to the microgrid capacity. The microgrid component cost consists of the
hardware cost of the system controller and its soft cost (e.g., engineering, construction,
commissioning, and regulatory costs) as well as the additional electric infrastructure

costs (Miner et al., 2018; Khodaei and Shahidehpour, 2012).
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Table 6.2 Basic performance and cost data of the main microgrid facilities™*

Parameter Value Unit

PV area per unit 229.72 USD/m?
Battery storage per unit 213 USD/m?
Wind generator per unit 288 USD/kW
Microgrid component costs per unit 1500 USD/kW
The unit price of natural gas 0.1075 USD/kWh
Gas generator efficiency 0.32 N/A

The overall efficiency of PV 0.2 N/A
Charge efficiency of the battery 0.85 N/A
Discharge efficiency of the battery 0.85 N/A
Maximum battery charging capacity 0.8 N/A
Minimum battery discharging capacity 0.2 N/A

The lifetime of the gas generator 25 Year
The lifetime of the chiller 15 Year
The lifetime of the PV 20 Year
The lifetime of the wind turbine 20 Year
The lifetime of the battery 10 Year
The lifetime of the Microgrid facilities 20 Year
Carbon emission tax 0.132 USD/kg
Carbon emission factor 0.055 Kg/kWh

* Remark: the references of the selected data are referring to (Flores and Brouwer, 2018;
Kang and Wang, 2018; Kang et al., 2017; Li, 2000; Li and Wang, 2019; Lu et al., 2015; Lu
et al., 2015)

In addition, the unit price of the gas generator (UF, ;) s sensitive to the change of size,
which is quantified by referring to (Zheng et al., 2016), as shown in Eq. (6.13). The
unit price of the chillers (UP.;) is also sensitive to the change in size. Figure 6.2 shows
the unit price of the chiller at different sizes according to the practical market. The unit
price (per kW) decreases with the increase in chiller size. It can be found that selecting
one large-size chiller, compared to several small-size chillers, can decrease the initial

cost of the chiller plant. The regression relationship, as shown in Eq. (6.14), is adopted

90



in this optimal microgrid design, where the Capgyq; is the gas generator capacity and

Capcy; 1s the chiller size.

UP,qs = 3711.78 — 280.47 x In (Cap (6.13)

gas)

UP; = —26.31 X In(Cap,,,) + 348.01 (6.14)
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Figure 6.2 The unit price of the chiller under different sizes

6.3 Results of optimization case studies and performance analysis

The optimizations of the microgrid design are performed based on the reference
holiday hotel using the proposed objective functions as defined in Section 6.1.2. The
microgrid performance, including energy efficiency, renewable energy penetration,
reliability, and economics, are comprehensively evaluated and compared in this

section to identify the proper optimization method of the microgrid design.
6.3.1 Overview of the optimization cases

Conventional optimization case

The conventional optimal design consists of two stages (i.e., demand and supply-side
optimal designs). During the optimization process, the demand-side systems are
concerned with the trade-off between high energy efficiency and low cost. The supply-
side systems (e.g., power generators and battery storage) are concerned with a trade-
off between the high penetration of renewable power generation and low cost.
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Meanwhile, the entire system's reliability is the overall concern, which is addressed
by setting the constraint of the power supply adequacy according to the reliability
index. The microgrid capacity based on SuF and SaF is determined to meet microgrid

security requirements.

Coordinated optimization case

Coordinated optimal design is proposed as a novel microgrid optimal design method.
This method considers the major facilities of the entire microgrid system together. The
same reliability index is also adopted to ensure power supply adequacy. Considering
the microgrid security, a safety factor is adopted to meet the peak load while the surge

threat is quantified and prevented in the coordinated design.

6.3.2 Results of microgrid design optimization

The objective of a typical conventional optimization method is to achieve the highest
energy efficiency and reduce the cost, while the objective of the coordinated optimal
method is to achieve the global optimal solution of the entire microgrid system. Table
6.3 shows the optimal design solutions of these two optimal design methods.
Comparing the outputs of these two optimizations, the optimal capacities of power
generation and battery are similar. The chiller size and microgrid capacity are
significantly different. The capacity of chillers selected by coordinated optimization
1s 836 kW, which is 38% of'that (i.e., 2,195 kW) selected by conventional optimization.
The microgrid capacity selected by coordinated optimization is 4,175 kW, 62% of that
(i.e., 6,657 kW) selected by conventional optimization. The larger microgrid capacity
can mitigate the surge impact on microgrid security and meet the microgrid security

requirement. The quantified surge threat is involved in the optimization using the
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coordinated optimization method. Thus, the small chiller and the small microgrid

capacity are selected.

Table 6.3 Optimal design solutions given by the two optimal design methods

Wind PV Gas Battery Chiller Mlcrognd
Case Name generator areas generator capacity
(kW) (mz) (kW) (kWh) (kW) (kW)
Conventional 760 11218 | 4893 1620 | 2195%2 6657
optimization case
Coordinated 742 11505 5161 1605 836X 5 4175
optimization case

6.3.3 Performance analysis and comparison

Economic performance

Figure 6.3 shows the cost results and the comparison ratios between the coordinated
and conventional optimization cases. The cost results are presented as bar charts of the
primary y-axis in this figure. The comparison ratios are shown in star points of the
secondary y-axis. If the cost-saving ratio is positive, the overall cost in the coordinated
optimization case is larger than the overall cost in the conventional optimization case.
For instance, the initial cost ratio of the chiller is 11%, which means that the
coordinated optimization case should spend much more (11% of the initial cost) on

the chillers compared to the conventional optimization case.

The costs of most facilities are almost the same, such as PV panels, wind turbines, and
the battery. The cost-saving ratio of the initial cost associated with the microgrid
capacity is -59%, which means the initial cost associated with the microgrid capacity
in the conventional optimization case is much higher than that in the coordinated
optimization case. The microgrid capacity is determined to ensure the microgrid

system security, while it is ignored in conventional optimization. In the coordinated
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optimization, the small chillers are selected to effectively decrease the initial cost
associated with the microgrid capacity and decrease the surge impact of the chiller
startup on the microgrid security. Although the cost-saving ratio of the initial cost for
the small chiller is 11%, the microgrid security is enhanced obviously, and the cost-
saving ratio of the initial cost associated with the microgrid capacity decreases
significantly. The small chiller has a low-rated COP, which causes COP to be
relatively low, especially during the high cooling load period compared to the large
chiller that was selected by the conventional optimization. This also causes the
conventional optimization case to perform better in some items, such as CO2 penalty
and operation cost. Coordinated optimization aims to provide the global optimal
solution for the overall cost. Therefore, considering the economic performance of the
entire microgrid system, the coordinated optimization case has better performance

with an overall cost saving of 5%.
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Figure 6.3 Cost of the optimal microgrid system designs given by the coordinated

and the conventional optimization

Reliability performance

Since the power supply adequacy is set as the constraint in both optimizations, the
power supply adequacy requirement can be met in both optimization cases. In this

section, the main concern and comparison are focused on microgrid security in two
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optimization cases. Figure 6.4 (a) shows the transient load ratios when a chiller starts.
In the conventional optimization case, the largest transient load ratio during the chiller
startup is up to 114% of the microgrid capacity. According to the presumed transient
limit of the microgrid capacity (i.e., 140%), it can meet the system security
requirement but still causes a 3% risk of system wear and tear (defined in Section
2.3.2). In the coordinated optimization case, the largest transient load ratio is lower
than 100% of the microgrid capacity. Therefore, the microgrid can meet the system
security requirement and effectively avoid the risk of system wear and tear. Figure 6.4
(b) shows the number of chiller startup times over a year in these two optimization
cases. The number of chiller startup times in the coordinated optimization case is over
three times that in the conventional optimization case. The smaller chillers selected in
the coordinated optimization are more sensitive to the change in the cooling load.
Considering that the most transient load ratios are between 30% and 50% of the
microgrid capacity in the coordinated optimization case, the impact of the chiller

startup on microgrid security is ineffective and can be neglected.
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Figure 6.4 Transient load ratios during the chiller startup and the number of the

chiller startup times in these two design cases

Energy use efficiency
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The COP, as an indicator of energy use efficiency, is used to analyze and evaluate
system efficiency. The comparison results of the annual COP profiles are presented in
Figure 6.5. A larger chiller has a high-rated COP, while a cooling plant of several
small chillers can adapt to operate at a higher COP when the cooling load is
significantly lower than its design value. The larger chillers are selected by
conventional optimization. In this case, higher COP can be achieved during high
cooling load (between March and September). The smaller chillers are selected by
coordinated optimization. In this case, the average COP (4.03) is 4.9% lower than the

average COP (4.23) of the conventional optimization case.

1 | —Coordinated optimization case
—— Conventional optimization case

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Time

Figure 6.5 Annual COP profiles of the optimized chillers given by the coordinated

and the conventional optimization

Renewable energy penetration

Renewable energy penetration (REP) is the vital evaluation indicator to quantify the
power generation ratio from renewable resources to the total electrical load served.
Higher REP means that the system can achieve lower carbon emissions. For instance,
the REP is equal to one if all the electrical loads are satisfied by renewable power

generation.
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The comparison results of the renewable energy penetration in both cases are shown
in Table 6.4. The REP ratios in the coordinated and the conventional optimization
cases are 85.9% and 88.1%, respectively. Both optimization cases have good
performance concerning renewable energy utilization. The REP ratios of both cases
are over 85% of the total power generation. The REP of the coordinated optimization
case is 2.2% lower than that of the conventional optimization case since more backup
power generation is required in the coordinated optimization to address the lower

energy use efficiency and thus ensure power supply adequacy.

Besides, it can be observed that over 10% of power generation still comes from the
backup power generators for the islanded microgrid. It shows that utilizing renewable
sources alone cannot achieve the microgrid's reliability (power supply adequacy) due
to site constraints. The zero-carbon emission objective, therefore, cannot be achieved

in these cases.

Table 6.4 Renewable energy penetration in the optimized microgrid systems given

by the coordinated and the conventional optimization

Renewable energy penetration

Coordinated optimization case 85.9%

Conventional optimization case 88.1%

6.4 Summary

This chapter develops a novel coordinated optimal microgrid design method for
enhanced reliability and economics. The power supply adequacy and system security
are both quantitatively assessed and considered optimization constraints. The
proposed optimal design method is tested and validated using a hotel microgrid on a

remote island in Hong Kong and compared with the typical conventional optimal
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design method in terms of reliability, economics, renewable energy penetration, and

energy use efficiency.
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CHAPTER 7 A QUANTITATIVE RELIABILITY
ASSESSMENT AND RISK QUANTIFICATION
METHOD FOR MICROGRIDS CONSIDERING SUPPLY

AND DEMAND UNCERTAINTIES

This chapter presents a quantitative reliability assessment and risk quantification
method for microgrids considering supply and demand uncertainties. The procedure
of the quantitative approach for microgrid reliability assessment and the risk
quantitation method are presented in Section 7.1. Section 7.2 presents the basic
information of the tested cases and quantifications of the uncertainties on the supply
and demand sides. Section 7.3 presents the tested results of the reliability assessment

and Section 6.4 summarizes this chapter.

7.1 An uncertainty-based quantitative approach for microgrid

reliability assessment

7.1.1 Outline of the proposed reliability assessment approach

Figure 7.1 shows the detailed procedure of the proposed uncertainty-based reliability

assessment approach. It involves three major steps as follows:

e [n the first step, the major uncertain parameters are identified concerning the
power generation on the supply side and the power consumption on the demand
side. Then, the uncertainties of these parameters are quantified using proper

probability density distributions. According to the distributions of the parameters,
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different scenarios are generated using the Latin hypercube sampling (LHS)
approach.

In the second step, the uncertainty-based supply-demand profiles are obtained via
dynamic simulation under the generated scenarios using the microgrid models
based on the microgrid specifications (e.g., system component capacity and
efficiency). The uncertainty-based supply-demand profiles are hourly profiles of
dynamic available generation capacity and power consumption under different
scenarios considering uncertainties. The available generation capacity refers to
the total power generation of the microgrid system, including renewable power
generation, backup power generation, and battery discharge. The power
consumption includes the power consumption required by supplying the cooling
and other electrical loads (e.g., lighting and plug loads).

In the last step, uncertainty-based risk quantification is performed to quantify the
power inadequacy risk based on the obtained uncertainty-based supply-demand
profiles. The microgrid reliability performance is assessed using the power
inadequacy risk and the commonly-used indexes. Finally, the microgrid reliability

performance is output, which can be used for microgrid planning and design.
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Figure 7.1 Procedure of the proposed uncertainty-based reliability assessment

approach
Compared with the conventional (deterministic) reliability assessment approach, the
proposed uncertainty-based reliability assessment considers the impacts of
uncertainties in a quantitative approach, which can mitigate underestimation or
overestimation of actual microgrid reliability performance. Compared with the
existing stochastic reliability assessment approach, the proposed approach detailedly
quantifies the uncertainties of both power generation and consumption. It assesses
power inadequacy risk under uncertainties, enabling a more reliable assessment and

risk-conscious microgrid planning/design.
7.1.2  Quantification of uncertainties in power generation and consumption

The uncertainties in power generation and consumption are quantified using a bottom-

up approach by sampling according to the probability distributions of the main
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uncertain parameters, as illustrated by Eqgs. (7.1-7.4). The Latin hypercube sampling
(LHS) method is adopted as it requires a smaller size of samples compared with the
commonly-used Monte Carlo sampling method. The samples X for the uncertain
parameters/inputs x4, X5, X3 ..., X, (such as the outdoor temperature and solar radiation)
are generated (Eq. (7.2)) using the LHS method by fitting their distributions G (Eq.
(7.3)). By importing these samples into the calculation in Eq. (7.1), the distributions Y
of the outputs (i.e., renewable power generation and power consumption) can be

calculated as shown in Eq. (7.4).

1 Y2 o Ym)" = Fx1, %2, 0, X) (7.1)

X = [X1, X, ., X (7.2)

X;~G; (7.3)

Y =(,Ys o, Y)T = (X1, Xo, o, X3) (7.4)

Uncertainty sources and parameters of renewable power generation and power

consumption mainly include:

e Uncertainty sources and parameters of renewable power generation:
Conventionally, renewable power generation is predicted under the typical
meteorological year (TMY) weather condition for microgrid reliability
assessment. However, the actual weather conditions (e.g., solar radiation, wind
speed, and outdoor temperature) vary in operation. In this study, the uncertainties
in the outdoor temperature, solar radiation, and wind speed are quantified and
considered in the prediction of renewable power generation.

e Uncertainty sources and parameters of power consumption: The microgrid power
consumption in a subtropical region mainly consists of building cooling and other

electrical loads (i.e., lighting and plug loads). The uncertainty sources and

102



characteristics of different loads are different. The main uncertainty source of
cooling load includes the outdoor weather parameters and the internal loads (e.g.,
occupant density and lighting density), while the uncertainty sources of other
electrical loads mainly include occupant behavior. In this study, the uncertainties
of cooling and other electrical loads are quantified separately using general
distributions according to their uncertainty characteristics to simplify the

calculation.

7.1.3  Uncertainty-based power inadequacy risk quantification for microgrid

reliability assessment

Concept of uncertainty-based power inadequacy risk quantification

Conventional reliability assessment of microgrids generally identifies power
inadequacy based on fixed and deterministic supply-demand profiles estimated under
typical weather conditions (i.e., TMY weather). If the power consumption of the
microgrid is higher than the available generation capacity, as highlighted in the red
circle in figure 7.2 (a), it will be considered power inadequacy, and the probability of
power inadequacy is assumed to be 100%. Otherwise, no power inadequacy occurs,
and the probability of power inadequacy is assumed to be 0%. However, due to
uncertainties, the available generation capacity and power consumption are probably
different from those estimated under typical weather conditions. The probability of

power inadequacy at a certain time step may be overestimated and/or underestimated.

The proposed uncertainty-based method identifies power supply inadequacy and
quantifies power inadequacy risk considering power generation and consumption
uncertainties. The power inadequacy risk means the probability of power supply

inadequacy during a certain period. As shown in figure 7.2 (b), the supply-demand
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profiles given by the proposed method are no longer deterministic profiles with fixed
values during a certain period. Instead, the estimated available generation capacity and
power consumption during a certain period have different possible values with
different occurrence probabilities. In this way, the power supply inadequacy can be
identified if the value of power consumption is higher than that of available generation
capacity, like the conventional method, and the power inadequacy risk can be further
quantified by considering the occurrence probabilities of the corresponding available

generation capacity and power consumption values.

Available generation Available generation  Power
g capacity Power inadequacy - capacity inadequacy risk
5 3]
= z m
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Power consumption Power consumption
Time Time
(a) (b)

Figure 7.2 Schematic microgrid supply-demand profiles in the conventional

reliability assessment (a) and uncertainty-based reliability assessment (b)

Uncertainty-based power inadequacy risk guantification method

An index (Rpi) for quantifying the power inadequacy risk is proposed in this study,
which is calculated using Egs. (7.5-7.6), where pi:s is an index that denotes if power
inadequacy occurs at time step ¢ for the sample s from the generated uncertainty-based
supply-demand profiles. A value of 0 means power inadequacy does not occur, while
a value of 1 means power inadequacy occurs. Prbsup,.s and Prbdem.s are the occurrence
probabilities of the power generation (Psup) and consumption (Peen) values for sample
s at time ¢, respectively. S is the total number of samples generated from the supply-
demand profiles at time z. The average power inadequacy risk (Rpiave) that can reflect

the power inadequacy risk during a certain period can be calculated using Eq. (7.7),
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where H denotes the number of time steps over the period concerned. This study
assesses the average power inadequacy risks at different time scales, including hourly,
monthly, and 24-h. The average hourly and monthly risks are quantified using Eq.
(7.7). Each value of 24-h power inadequacy risk is calculated using Eq. (7.8) by
averaging the hourly power inadequacy risk at the same hour over all the days in the

year, where d is a certain day in a year, and D is the total days over a year.

S
Rpi,t = z pit,s * Prbsup,t,s * Prbdem,t,s %X 100% (7.5)

s=1

O' if Psup,t,s = Pdem,t,s

o = . 7.6
pies =y i Paupis < Pacmts (7.6)
H
Rpi,ave = (1/H) x 1Rpi,t (7.7)
t=
[Rpi,p Rpi,Zl sy Rpi,24] =
(7.8)

D=365 D=365 D=365
(1/D) x Z Rpi1a z Rpiza, z Rpizaa
d=1 d=1,d d=1

7.1.4  Reliability performance assessment using the commonly-used indexes

In addition to the power inadequacy risk quantification, the proposed assessment
approach measures the reliability performance using existing commonly-used
performance indexes to provide a comprehensive assessment. This study adopts four
main common indexes: Loss of Load Expected, Expected Energy not Supplied, Loss

of Power Supply Probability, and Equivalent Loss Factor (Baghaee et al., 2016).

e Loss of Load Expected (LOLE) represents the load loss duration, which is
calculated using Eq. (7.9), where E/LOL(t)] represents the expected

(mathematical) amount of loss of load at the time step ¢.
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e Expected Energy not Supplied (EENS) is also called Loss of Energy Expected
(LOEE). It represents the expected amount of energy not served to the end-users
(Al-Shaalan, 2012). It can be calculated by Eq. (7.10). The LOE(t) is the energy
loss at time step t, calculated in Eq. (7.11).

e Loss of Power Supply Probability (LPSP) refers to the ratio of the power not
supplied to the total power that the power generation system can produce. It can
be calculated by Eq. (7.12).

e Equivalent Loss Factor (ELF) is the commonly-used index in reliability
assessment because it considers both the number and magnitude of the power

outage, as shown in Eq. 7.13 (Garcia and Weisser, 2006).

H

LOLE = E[LOL(D)] (6.9)
t=1
EENS = LOEE = E[LOE(t)] (6.10)
H
LOE(t) = Z 1(Pdem,t - Psup,t) x At vPdem,t = Psup,t (6.11)
t=
H
LPSP = LOEE/Z (Paem,e X At) (6.12)
t=1
H p - P
ELF = (1/H) x Z A SPE P 2 Paupe (6.13)
t=1 dem,t

7.2 Basic information and its distributions of the main uncertain

parameters concerned for the test case

7.2.1 Basic information for the test case

The energy systems mainly include wind turbines, PV panels, backup power

generators, electric batteries, electric chillers, and other associated cooling system
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components. The PV panels are installed around the hotel as it has enough space, and
the wind turbines are off-shore. The sizes of the microgrid system components are
listed in Table 7.1. In addition, it is noted that the model of the hotel microgrid and its

control mechanism, as introduced in Section 3, are used in the chapter.

Table 7.1 Sizes of the hotel microgrid system components

Total capacity Total area of Total capacity of Capacity Capacity and
. . backup power number of
of wind turbines | PV panels of battery . .
generators electric chillers
750 kW 11500 m* 4800 kW 1600 5x850 kW
kWh

7.2.2  Distributions of the main uncertain parameters concerned

The main uncertain parameters concerned in the quantification of power generation
and consumption uncertainties include the outdoor temperature, solar radiation, wind
speed, cooling load, and electrical load. Their distributions are listed in Table 7.2. The
uncertainties of the weather parameters (i.e., the outdoor temperature, solar radiation,
and wind speed) are quantified using normal distributions. The weather parameter
setting in the TMY data is used as the mean value of the distribution, while its standard
deviation is set according to the previous study (Gang et al., 2016). The uncertainty in
the cooling load is also quantified using a normal distribution. The mean of the
distribution is set to the cooling load estimated using the TMY data, while the standard
deviation is set to 0.3, according to a previous study (Gang et al., 2015). The
uncertainty in electrical load is quantified by assigning an uncertain factor, which

follows a triangular distribution, to the typical electric load predicted using TMY data.
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Table 7.2 Main uncertain parameters and their distributions concerned

Parameter Distribution Value

Solar radiation Normal distribution u: TMY; 0: 0.2

Outdoor temperature Normal distribution u: TMY; o: 1

Wind speed Normal distribution u: TMY; 0: 0.1

Cooling load Normal distribution u: TMY; 0: 0.3
Electrical load Relative triangular distribution Triangular (0.3, 1.2, 0.9)

Note: relative triangular distribution means the parameter distribution is obtained by
multiplying the typical value by a certain factor following a triangular distribution.

7.3 Test results and reliability performance analysis

The reliability performance of the test microgrid is assessed using the proposed
uncertainty-based assessment approach considering uncertainties. Another reliability
performance assessment is performed using the conventional approach without
considering uncertainties, which is used as a reference case to demonstrate the
advances of the proposed approach. These two reliability assessments adopt the same

parameter settings of microgrid energy systems.

7.3.1 Distributions of power generation and consumption under uncertainties

Distribution of power generation

The probability density distribution and the cumulative density function (CDF) of
hourly renewable power generation of the test microgrid are shown in figure 7.3. It
can be seen that the hourly renewable power generation varies within a large range
between 0 kW and 3,800 kW under uncertainties. The hourly renewable power
generation with the highest frequency is around 800 kW. The estimated maximum
hourly renewable power generation of the reference case without considering
uncertainties is 2,400 kW, which locates at the point where the CDF reaches 0.95. This

means that the hourly renewable power generation can be underestimated with a
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probability of 5% in the conventional assessment, which treats renewable generation
as a deterministic parameter. Therefore, it is necessary to consider the impacts of
uncertainties in predicting renewable power generation for reliability assessment to

avoid underestimating reliability performance.
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Figure 7.3 Distribution of hourly renewable power generation and its cumulative

density function

Distribution of power consumption

Figure 7.4 shows the distribution of the hourly microgrid load and its cumulative
density function. It can be seen that the hourly microgrid load varies between 100 kW
and 2,000 kW under uncertainties. It has a high probability of falling between 300 kW
and 600 kW. The maximum hourly microgrid load (i.e., 1,550 kW) of the reference
case locates at around 96% of the CDF, which means the hourly microgrid load can
be underestimated with a probability of 4% in the conventional assessment, which
treats the load as a deterministic parameter. Therefore, it is also necessary to consider
the impacts of uncertainties in predicting microgrid load in the microgrid reliability

assessment to avoid overestimating reliability performance.
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Hourly minimum and maximum power generation and consumption under

uncertainties

The hourly minimum and maximum available generation capacity and power
consumption under uncertainties are also analyzed and shown in Figure 7.5, as they
are necessary to identify the power inadequacy. As seen from Figure 7.5, the power
consumption exceeds the available power generation at many time steps, particularly
in the summer season when the impacts of uncertainties are taken into account. But
the unsatisfied load is much less observed in the hourly available generation capacity
and microgrid load profiles provided by the conventional approach without
considering uncertainties, as shown in Figure 7.6. This means it is probable to
underestimate the power inadequacy risk and overestimate the reliability performance

when uncertainties are not involved.
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Figure 7.5 Hourly minimum and maximum available generation capacity and power

consumption generated using the proposed approach
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Figure 7.6 Hourly available generation capacity and power consumption generated

using the conventional approach

7.3.2  Results of power inadequacy risk quantification

The power inadequacy risk is quantified in terms of three different time scales in this
study, including hourly, monthly, and 24-h, to investigate how the risk varies over a

year, months, and a day. The detailed results are introduced and analyzed as follows.

Distribution of outage power

The outage power at the time steps when power inadequacy occurs is calculated
according to the supply-demand profiles given by the proposed and conventional

methods. The distribution and the cumulative density function of the outage power are
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shown in Figure 7.7. It can be seen that the outage power varies between 30 kW and
420 kW under uncertainties, and the frequency gradually decreases with the increase
of the outage power. The highest power outage frequency is 0.23 when the outage
power is 30 kW. The maximum outage power (i.e., 285 kW) of the reference case is
also presented in the figure and highlighted with blue dotted lines, which locates at
92% of the CDF. So it has a probability of 8% that the maximum outage power would

be underestimated in the conventional reliability assessment without considering

uncertainties.
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Figure 7.7 Distribution of outage power and its cumulative density function

Average hourly power inadequacy risk

Figure 7.8 shows the average hourly power inadequacy risk of the hotel microgrid
under uncertainties. It can be seen that the power inadequacy risk is zero in the winter
and in most time of the spring and autumn because the hourly minimum available
power generation exceeds the hourly maximum power consumption during these
periods, as seen in Figure 7.5. At several time steps of the spring and autumn seasons,

the hourly power inadequacy risk can reach 1.3% and 18.2%, respectively. In the
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summer, the hourly power inadequacy risk varies significantly, and the highest risk

reaches up to 100% at several time steps.
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Figure 7.8 Average hourly power inadequacy risk of the test microgrid under

uncertainties

Average monthly power inadequacy risk

The average monthly power inadequacy risk of the test microgrid under the
uncertainties is also quantified and shown in Figure 7.9. The average monthly power
inadequacy risk is zero from January to April and November to December. In May,
September, and October, the average monthly power inadequacy risk is over zero but
very low (i.e., lower than 0.3%). The average monthly power inadequacy risk in June
is around 1.5%. From July to August, the average monthly power inadequacy risk is
highly increased over 5%. This is because the cooling load is usually very high due to
the hot and humid weather in Hong Kong (a typical subtropical region) during this
period and power consumption is probably greater than the available generation

capacity, as seen in Figure 7.5.
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Average 24-hour power inadequacy risk

The 24-hour average power inadequacy risk profile is obtained and shown in Figure
7.10 to analyze the average hourly power inadequacy risk over a day. The 24-hour
profile can be divided into four main periods according to the variation of the average
power inadequacy risk. The variations of the average power inadequacy risk during

these four periods are analyzed as follows:

e During Period I, from 0:00 a.m. to 7:00 a.m., the average hourly power inadequacy
risk is zero. This is because the power consumption is usually very low due to the
cooler outdoor environment and the very limited use of lighting and other
equipment, the power consumption can be fully satisfied by the power generation
system (e.g., the backup power generator).

e During Period II, from 7:00 a.m. to 10:00 a.m., the average hourly power
inadequacy risk gradually increases, but the highest risk is still lower than 1%.
This is because the power consumption increases due to the hotter outdoor
environment and the increased use of lighting and other equipment, while the

increased power consumption may not be satisfied by the backup power generator
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and the limited renewable power generation at some time.

During Period III, from 10:00 a.m. to 5:00 p.m., the average hourly power
inadequacy risk gradually decreases and then increases. The hourly risks during
Period III are slightly lower than those in Period II. This is because renewable
power generation significantly increases during Period I11, which can satisfy power
consumption most of the time. The increase in the risk appears after 1:00 p.m. due
to the decrease in renewable power generation.

During Period IV from 5:00 p.m. to 12:00 p.m., the average hourly power
inadequacy risk significantly increases up to 4.8% at 9:00 p.m. and then largely
decreases to 1.9%. The hourly risks are much higher than those during the other
three periods, as the power consumption during this period is usually the highest
in hotel buildings while the renewable power generation is relatively low. The
decrease in hourly risk after 9:00 p.m. is mainly due to the much-reduced use of

lighting and other equipment.
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Figure 7.10 24-hour average power inadequacy risk of the test microgrid under

uncertainties
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7.3.3 Results of reliability performance assessment using commonly-used indexes

Table 7.3 shows the results of the reliability performance assessment using the four
commonly-used indexes introduced in Section 2.4. As seen in Table7.3, the values of
all these indexes given by the proposed uncertainty-based method are much higher
than those given by the conventional method without considering uncertainties. The
LOLE is 26 hours more, the EENS is 1,403 kWh more, the LPSP is 0.0002 higher,
and the ELF is 0.00009 higher. These values are about 15% - 30% higher than the
conventional method's. It can be seen that the reliability performance of the microgrid
is probably overestimated when the conventional assessment approach is adopted, as
the uncertainties of the load and renewable generation are ignored. The overestimated
reliability performance result may mislead the designers to make improper decisions

at the planning and design stages, resulting in unreliable operation.
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Table 7.3 Results of reliability performance assessment using commonly-used

indexes

LOLE (hr) EENS (kWh) LPSP ELF
Uncertainty-based case 111 11,455 0.0017  0.00075
Reference case 85 10,052 0.0015  0.00066

7.3.4 Impacts of backup power generator capacity on microgrid reliability

performance

As the capacity of the controllable backup power generator has a significant impact
on the microgrid reliability performance, the power inadequacy risk and other
reliability performance indexes are quantified when different backup power generator
capacities are adopted. The ELF is an example of the reliability performance index as
it can measure the frequency and magnitude of the power outage. A lower value of
ELF means higher microgrid reliability. Figure 7.11 shows the ELF values under
different backup power generator capacities when considering uncertainties. It can be
seen that the ELF value decreases with the increase of the backup power generator
capacity. When the capacity of the backup power generator is over 3,900 kW, the ELF
value becomes very low (i.e., lower than 0.008786). As seen from the sub-figure, the
backup power generator capacity should be over 3,850 kW and 4,700 kW, respectively,
to meet the standards of two different levels (i.e., ELF<0.01 and ELF<0.001) required

by the standard (Garcia and Weisser, 2006).
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Figure 7.11 ELF values under different backup power generator capacities when

uncertainties are considered

Figure 7.12 shows the power inadequacy risks under different backup power generator
capacities when uncertainties are considered. It can be seen that the power inadequacy
risk decreases with the increase of the backup power generator capacity. When the
capacity of the backup power generator is higher than 4,200 kW, the power inadequacy
risk is below 5%. Increasing the backup power generation capacity from 3,850 kW to
4,700 kW, which decreases the ELF value from 0.01 to 0.001, can decrease the power
inadequacy risk from 9.4% to 0.5%. To eliminate the risk of power inadequacy (i.e.,

risk = 0), the backup power capacity should be over 6,400 kW.
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Figure 7.12 Power inadequacy risks under different backup power generator

capacities when uncertainties are considered

7.4 Summary

This chapter proposes a quantitative reliability assessment and risk quantification
method for microgrids by considering power supply and demand uncertainties. A
novel index, i.e., power inadequacy risk, is proposed for microgrid reliability
assessment under uncertainties. The impacts of the uncertainties in power supply and
demand on microgrid reliability are investigated. The uncertainty-based reliability
assessment and risk quantification method is tested in an islanded hotel microgrid in

Hong Kong via simulation.
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CHAPTER 8 ROBUST OPTIMAL DESIGN OF
MICROGRIDS TO ENHANCE THE RELIABILITY AND
ECONOMICS CONSIDERING THE QUANTIFIED

POWER INADEQUACY RISK

This chapter presents the procedure and method of robust design optimization for
microgrids considering uncertainties on the supply and demand sides and the impacts
of power inadequacy risk on robust design optimization. Section 8.1 presents the major
procedure and methods of the proposed robust design optimization method for
microgrids. Section 8.2 presents the basic information on the design variables and
quantifications of the uncertainties. Section 8.3 presents the results of the optimization

case studies and Section 8.4 provide a summary of this chapter.

8.1 Procedure and objectives of robust optimal design

8.1.1 Approach and steps of robust design optimization

Figure 8.1 shows the outline of the proposed robust optimal design method of the

microgrid. It consists of three major steps.

Step 1: The microgrid design variables are identified. Then, the ranges of these
microgrid design parameters are determined. The energy efficiency is quantified. For
instance, the coefficient of performance (COP) of the building's central cooling
systems is quantified using key indicators, e.g., the partial load ratio, relative COP,

and rated COP.
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Step 2: The uncertainties of the parameters on the supply and demand sides are
quantified. The distributions of these uncertain parameters are determined concerning
their features. Then, the possible uncertain scenarios are determined according to the
identified uncertain parameters and their distributions. For instance, on the supply side,
the uncertainties of renewable power generation are quantified based on weather
factors (e.g., solar radiation, wind speed, etc.). On the demand side, the uncertainties
of loads are quantified based on different types of loads (i.e., cooling loads and other

electrical loads).

Step 3: The design optimization of the microgrid is conducted in the third step. The
uncertainty-based supply-demand profile is calculated according to the obtained
uncertain scenarios and the generated microgrid design parameters from the optimizer
associated with the quantification of the energy efficiency. The quantified power
inadequacy risk is added to the final objective function as a cost penalty. The results
calculated based on the final objective function are evaluated in the optimizer to
determine whether the design parameters are the optimal design option. This process
will continue until the design parameters meet the optimal requirements. As for the
microgrid design optimization, the typical heuristic optimization algorithm (i.e.,

genetic algorithm) is selected as the optimization algorithm.

121



&ep 1: Design variables concermm @rp 2: Uncertainties quantiﬁcam

Identification of h (" Identification of uncertain |
microgrid dezlsign variables | L parameters )
H ¥
[ Determination of these [ Determination of the
design variables’range | | uncertain distributions
+ Y \
Quantification of ( Possible uncertain scenarios
K energy efficiency / \ determination /

demand calculation

J

i H
[ Objective function ) { Power inadequacy ]

calculation

Step 3: Optimization
[ GA Optimizer |- .[ Uncertainty-based supply- }

risk quantification

J

Optimal design
option

Figure 8.1 Outline of the proposed robust optimal design method of the microgrid
8.1.2 Optimization objectives for optimal microgrid design

According to the literature review, the mean of performance indicator (MPI) and
standard deviation of performance indicator (SDPI) are commonly adopted as the
objective functions in most previous studies of robust optimal design, such as in the
aerospace field, structural engineering field, and building engineering field. When
adopting them in microgrid design optimization applications, two alternative
optimization objective functions concerning these two terms are considered.
‘Objective I’ focuses on the MPI, and ‘Objective 2’ considers the integration of the
MPI and SDPI. These are shown in Eqs. (8.1) and (8.2), where f is the robust
optimization objective and x represents the vector of design variables. The design
inputs concerning their uncertainties are presented as p. w is the weight ratio and the

sum of the w; and w, is 1.

Objective 1:f; = u(x, p) (8.1
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Objective 2:f, = wy X u(x,p) + w, X a(x,p) (8.2)

In this study, the overall objective is the overall annual cost as shown in Eq. (8.3). It
is the sum of the annual initial cost (Cix), annual operational cost (Copr), power
inadequacy risk cost (Cpir), and carbon emission penalty (Ceni). The initial cost is the
sum of the annual initial costs for all the major microgrid facilities. The annual initial
cost per microgrid facility is calculated by multiplying the design size and number by
the unit price of the facility, as shown in Eq. (8.4). For instance, if the lifespan of one
microgrid facility is assumed at 20 years, which means that the average annual initial
cost is one-twentieth of the initial cost if the interest of the investment is ignored. The
annual operation cost (i.e., the annual primary energy cost) is obtained according to

the annual primary energy consumption from the backup generators, as shown in Eq.

(8.5).
Cov = Ciny + Copt + Cpir + Cemi (8.3)
Cont = ) (Cracse X 1/%) (34
8760
Copt = (Zt—l Pipg) X GPgpg (8.5)

The carbon emission is quantified using the carbon emission tax and the total
consumption of backup power generators, as shown in Eq. (8.6), where Tem: is the
carbon emission tax, and Fsprg i1s the carbon emission factor of backup generator

combustion.

8760
Cemi = (Z Phpg) X Tomi X Fgpg (8.6)

t=1

8.1.3 Quantification of uncertainties in power generation and consumption

A bottom-up approach is used to quantify the uncertainties of the microgrid. As shown

in Eqgs. (8.7-8.9), the uncertainties are sampled according to the probability
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distributions of the main uncertain parameters by using the Latin hypercube sampling
(LHS) method. The Sample X for the uncertain parameters/inputs Xy, X3, X3 ..., X,
(such as the outdoor temperature and solar radiation) are generated based on Eq. (8.7)
by fitting their distributions G in Eq. (8.9). In the end, the output distributions Y (i.e.,

supply-demand parameters) can be calculated as shown in Eq. (8.10).

Ow Y2 o YT = (1, X2, e, %) (8.7)

X =X, X5, .., Xp] (8.8)

X;~G; (8.9)

Y =(,Ys o, Y)T = (X1, Xo, o, X3) (8.10)

8.1.4 Reliability constraints and power inadequacy risk quantification

Reliability constraints

Most reliability indexes are introduced in Section 2.2.4, where the ELF is selected as
the main reliability constraint for this optimization problem because it contains both
the numbers and magnitudes of the outages, as shown in Eq. (8.11), where Eioss 1s the

loss of energy and Eden is the total energy consumption at time step ¢. 7 is the number

of the total steps (7'= 8760 hours).

T
ELF = (1/T) X Z Eloss,t/Edem,t (8.11)
t=1

Power inadequacy risk cost quantification

Power inadequacy risk as an index (Ry:) has been stated by the authors in a previous

study, which refers to the “probability of the power supply inadequacy at the time ¢.”
It is quantified by Eq. (8.12-8.13)85 = ! R B G| HIK. . Where, Prbuy,s and

Prbdem,:s are the probabilities of the power supply (Ps,) and probabilities of the

demand (Paem), respectively. pirs is an indicator that denotes whether power
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inadequacy exists at time ¢. This indicator consists of two values (i.e., 0 and 1). Here,
a value of 0 means power inadequacy does not exist, while a value of 1 means power
inadequacy exists. The total number of samples generated from the supply-demand

profiles is represented as S.

S
Rpl,t = Z pit,s * PrbSup't’s * Prbdem,t's (8.12)
s=1
pies = {O’ ! Foups 2 Paemes (8.13)
1' lf‘PEupis <:Phenuas

The power inadequacy risk cost (Cpir) 1s one type of penalty cost due to the uncertainty-
based power supply inadequacy, calculated in Eq. (8.14), where Prar 1s the unit price
of the penalty.

8760
Cpir = Z Pgemts X At X Royep X Pryy (8.14)

h=1

8.2 Basic information on the microgrid and model development

8.2.1 Design variables concerned and basic data of energy system parameters

The basic information about the hotel microgrid is shown in Section 3. The model of
the hotel microgrid and its control mechanism, as introduced in Section 3, are also

used in this chapter.

As for the design variables, a total of six key microgrid variables are selected to be
optimized in this chapter, including wind generator capacity, PV area, backup
generator capacity, battery storage, chiller size, and chiller number shown in Table 8.1.
The ranges of the wind generator capacity and PV areas are limited, considering the
reality. Natural gas is selected as the backup power generation source. Battery storage

is another variable in the microgrid design. The last two variables are the demand-side
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variables. To effectively consider the energy consumption efficiency in the
optimization, the chiller size and its number are considered in this work. The ranges

of the chiller size and the number fall within the common ranges.

Table 8.1 Key microgrid design parameters and their searching ranges

Design Parameter Search Range Unit
Wind generator capacity [0, 2000] kW
PV areas [0, 15000] m’
Gas generator capacity [0, 3500] kW
Battery capacity [15, 1500] kWh
Chiller size [500, 2000] kW
Chiller number [2, 5] N/A

As for the main parameters of the microgrid and its energy system, the natural gas
turbine is selected as the backup power generator. Its unit price is calculated according
to the change in its capacity, as shown in Eq. (8.15). The unit price of the chillers
(UP,y,;) 1s calculated according to the change in size, as shown in Eq. (8.16), where the
Capgpc 1s the gas generator capacity and Cap,p; is the chiller capacity. Moreover, the
basic information and cost data of the microgrid and its energy systems are listed in

Table 8.2.

UP,qs = 3711.78 — 280.47 X In (Cap ) (8.15)

UP.; = —26.31 xIn(Cap,,,) + 348.01 (8.16)
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Table 8.2 Basic information and cost data of the microgrid and its energy systems *

Category Parameter Specification
The unit price of the PV area 230 USD/m?
The overall efficiency of PV 0.2
R bl
erewable powet The lifetime of the PV 20 years
generation
The unit price of the wind generator ~ 288 USD/kW
The lifetime of the wind turbine 20 years
The lifetime of the gas generator 25 years
Backup power generation | The unit price of natural gas 0.1075 USD/kWh
Gas generator efficiency 0.32
The unit price of the battery 550 USD/m?
Battery storage o
The lifetime of the battery Ten years

* Remark: the selection of reference data refer to (Li and Wang, 2019; Li, 2000; Lu
et al., 2015; Venkateswari and Sreejith, 2019; Flores and Brouwer, 2018)

8.2.2 Parameter uncertainty quantifications

As for the parameter uncertainty quantifications, solar temperature, wind speed, and
ambient temperature are quantified by using distribution based on (Gang et al., 2015),
which are used to quantify the uncertainties of the renewable power generation on the
supply side. The uncertainties of the power consumption are quantified for two types
of loads (i.e., electricity load and cooling load). Their uncertainties are quantified
based on the normal and triangular distributions (Gang et al., 2015; Gang et al., 2016).
Table 8.3 shows their mathematical descriptions in the microgrid robust optimal

design and base values used in the following case study.
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Table 8.3 Parameter uncertainty distributions in the microgrid robust optimal design

Parameter Distribution Value
Solar radiation Normal distribution u: TMY; 0: 0.2
Outdoor temperature Normal distribution u: TMY; o: 1
Wind speed Normal distribution u: TMY; 0: 0.1
Cooling load Normal distribution u: TMY; 0: 0.3
Electrical load Relative triangular distribution Triangular (0.3, 1.2, 0.9)

8.3 Results of optimization case studies and performance analysis

8.3.1 Basic information on the proposed cases and their design results

Basic information about the proposed cases

To provide a comprehensive comparison and analysis of the microgrid optimal designs,
we considered six cases in this study concerning different optimal design methods, as
shown in Table 8.4. The first two cases represent the proposed robust design
optimization of this work under different objective functions, i.e., MPI and integration
of the MPI and SDPI. Besides, four reference cases under four typical existing optimal
design methods are set here to provide comparison results regarding economics,

reliability, and energy use efficiency.

Reference case R1 and Reference case R2 represent two types of robust microgrid
optimal design methods, respectively. The former does not consider the impacts of the
power inadequacy risk in the optimization. As for the latter, rated COP instead of the
operating COP is used in the optimization. As for Reference case C, the conventional
deterministic supply-demand profiles, without considering the uncertainties, are used
in the optimization. Reference case D is another typical deterministic microgrid
optimal design method. As a conservative method, the peak load instead of the load

profile is used in the optimization.
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Table 8.4 Basic information of the proposed cases

Case Name Load Uncertainty E(S)IZV sgrilz?él:r(g;? f%egi}r]l;l;e

Case 1 Load profile | Yes Yes Operating COP
Case 2 Load profile | Yes Yes Operating COP
Reference case R1 | Load profile Yes No Operating COP
Reference case R2 | Load profile | Yes Yes Rated COP

Reference case C Load profile | No No Operating COP
Reference case D Peak load No No Operating COP

Optimization design using ‘Objective 1’ V.S. optimization design using ‘Objective 2’

Figure 8.2 (a) and (b) show optimization processes for the optimizations with
Objective 1 and 2, respectively. Table 8.5 shows the optimal design solutions for these
two cases, where they have almost similar optimal design results. This means that the
different robust objective functions (i.e., MPI and integration of the MPI and SDPI)
have a tiny impact on the microgrid's optimal design results. Almost similar
performance can be obtained with different objectives. As a result, Case 1 is solely

considered in the following comparison and analysis.
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Figure 8.2 The optimization process for the proposed optimization cases

Table 8.5 Optimal design results of the microgrid between Case 1 and Case 2

Battery PVarea  Wind turbine Backup Chiller Chiller

(kWh) (m?) (kW) generator (kW) size (kW)  number
Case 1 904 10840 1180 5060 1128 4
Case 2 864 10854 1050 5058 1130 4
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Optimization results of these cases

Table 8.6 shows the optimal design results of the microgrid among these cases. With
different requirements of the optimal designs, the optimization results of these cases
are different. As for the robust optimal design methods, an extra 200 kW backup power
generation capacity of Case 1 (i.e., MPI-based case) is required compared to the
Reference case R1, which is used to decrease the power inadequacy risk due to the
uncertainties. Another large difference is the determination of the chiller size and
chiller number. Case 1 prefers to select the smaller size of the chillers considering the
operating COP, but Reference case R2 prefers to select the larger size of chillers
considering higher rated load COP. Reference case D represents a typical conservative
optimization design method. The largest capacities of power generation and battery
storage are adopted. Besides, as for Reference case C, the smallest capacities of power
generation and battery storage are obtained because the impacts of the uncertainties

are not involved in the design optimization.

Table 8.6 Optimal design results of the microgrid among these cases

Battery PVarea Wind turbine Backup Chiller

(kWh) (m?) (kW) generator (kW)  selection
Case 1 904 10840 1180 5060 1128x%3
Reference case R1 | 984 11070 1222 4660 1130%3
Reference case R2 | 918 11166 1208 5432 1480x4
Reference case C | 808 10034 1076 4562 1130x3
Reference case D | 2524 26914 3826 6258 1130%3

8.3.2 Comparison and analysis of the economic performance

Figure 8.2 shows the cost results of different items among different optimization cases.
The costs of the backup power generation (including the initial cost of the backup

power generator and operation cost) are high. This part of the cost is used to overcome
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the intermittent and random features of power generation from renewable sources and
secure a reliable power supply for the microgrid. As for Reference case R1, the power
inadequacy risk penalty is higher (more than four times compared to Case 1) since the
power supply inadequacy risk is not considered in its optimization. The initial cost of
the backup power generator and operation cost in Reference case R2 are relatively
higher at 5.9% and 1.2%, respectively, compared to Case 1. More power generation
from the backup power generators is used to meet the demand, and larger capacities
of the backup power generators are needed to meet the reliability requirements since
the rated COP instead of the operating COP is considered in this optimization. Two
cost results from Reference case C are presented. Reference case Ci represents the
cost results without considering the uncertainty-based scenarios and Reference case
C2 represents the cost results considering the uncertainty-based scenarios. Reference
case C has a good performance in power inadequacy risk penalty when the uncertainty-
based scenarios are not involved. However, when uncertainty-based scenarios are
involved, the cost of power inadequacy risk is very high (around eight times compared
to Case 1). It means that the uncertainty-based power supply inadequacy risk is large
and has seriously jeopardized the microgrid's reliability. As for Reference case D, the
large capacities of the renewable power generator, the backup power generator, and
battery storage are selected since the peak load is used in the optimization. It leads to
huge costs in power generators and battery storage. More renewable power generation
is used to meet the electrical load, which can decrease 29% of the operation cost
compared to Case 1. Due to selecting the largest capacities of the power generators,

the inadequacy risk cost is zero.
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Figure 8.3 Cost results of different items among the different optimization cases

Figure 8.4 shows the overall cost results and the comparison ratios among the different
optimization cases. The cost results are presented as bar charts of the primary y-axis
in this figure. The comparison ratios are shown in star points of the secondary y-axis.
If the comparison ratio is positive, the corresponding case needs to pay more money

than Case 1.

The comparison ratios of Reference Case R1 and Reference Case R2 are 2.6% and
2.2%, respectively. Setting the power inadequacy risk penalty in the optimization and
using the operating COP instead of the rated COP can effectively decrease the overall
cost. Reference case C has a good economic performance (cost-saving achievement at
8.6%) when the uncertain-based scenarios are not involved, as shown in Reference
case Cl. However, when the uncertainties are considered, the comparison ratio of
Reference case C2 (considering uncertain-based scenarios) is 5.1%, which means the
overall cost is underestimated at 13.7%. The comparison ratio of the Reference case
D is up to 16.5%, which means the microgrid economics are overestimated in this
optimization. The reliability of this case can be effectively ensured by using the peak
load in the microgrid optimization. However, the extra 16.5% cost means that this
optimization design method cannot be considered an economical solution for the

microgrid design.

132



2.0E+06

ot 20%
u Overall cost X Comparison ratio X
A 1.6E+06 10%
4 X
=S S Hmmmmmm—em R X ] o 2
S 1.2E+06 =
2 X 1 -10% §
5 g
Z 8.0E+05 4 -20% &
E 8
é 1{ -30%
< 4.0E+05
1 -40%
0.0E+00 -50%
Case 1 Reference case R1 ~ Reference case R2  Reference case C1  Reference case C2 Reference case D

Figure 8.4 Results of the overall cost and the comparison ratios among these

optimization cases

8.3.3 Comparison and analysis of the reliability performance

Reliability performance by using the reliability index

The reliability performance for these optimization cases is obtained, as shown in Table

8.7. The EFL value below 1.0 X 10 is set in these cases according to the standard

(Garcia and Weisser, 2006). All the cases except Reference C can meet the reliability
requirements since it is set as the constraint in those optimizations. Reference case C
has two different reliability performance results. When the uncertainties are not
considered, the reliability requirement can be met, as shown in the ELF value of
Reference case Cl. However, the reliability requirement cannot be met when
uncertainties are involved, as shown in the ELF value of Reference case C2. This
means that using the typical load profile in the optimal design may obtain

underestimated results, and the real reliability requirement cannot be met.
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Table 8.7 Reliability performance for these optimization cases

Case ELF value
Case 1 1.4x107
Reference case R1 8.6x107
Reference case R2 | 5.5x107
Reference case C1 | 1.3x10%
Reference case C2 | 1.8x10*

Reference case D 1.1x10°

Performance of the power inadequacy risk

Power inadequacy risk is an indicator to quantify the risk of power inadequacy due to
the impacts of uncertainties. The average values of power inadequacy risk among the
four cases are presented in Figure 8.5. Case 1 has a very low power inadequacy risk,
which means it can effectively avoid the power inadequacy risk and achieve
robustness. The largest value is obtained from Reference case C. In this case, both the
uncertainties and power inadequacy risk are not considered in the optimization, which
causes the power inadequacy risk increases above 220 times, compared to Case 1.
Reference case R1 has a relatively lower value of the power inadequacy risk compared
to Reference case C since the uncertainties are considered in its optimization. However,
power inadequacy risk still increases above 60 times, compared to Case 1. The power
inadequacy risk is zero in Reference case D. In this case, since the constant peak load
is used in the optimization, the largest capacities of power generation and battery
storage are selected. Thus, the power inadequacy risk can be avoided in this case. It
proves that the conventional design method may fail to meet the requirement when the
requirement on reliability is extremely strict. Even a robust optimal method without
considering the power inadequacy risk impacts still poses a large risk of power supply

inadequacy.
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Figure 8.5 Power inadequacy risk performance among four cases

Quantification of the impacts of the power inadequacy risk on microgrid economics

The impacts of the power inadequacy risk penalty costs on microgrid economics are
quantified, as shown in Figure 8.6 (a). With the unit prices of power inadequacy risk
increasing, the power inadequacy risk decreases sharply from 0.1923 USD/kWh (i.e.,
Hong Kong electricity unit price) to 1.923 USD/kWh. In this study, ten times the
electricity unit price (i.e., 1.923 USD/kWh) is selected in the optimization, as shown
in Figure 8.6 (red dash line). The power inadequacy risk decreases slowly when the
unit price of power inadequacy risk continuously increases from 1.923 USD/kWh to
a larger value. Besides, Figure 8.6 (b) shows the changes in the overall cost under
different unit prices of the power inadequacy risk. The results show that setting the
cost penalty for the power inadequacy risk causes an overall cost increase. If the 1.923
USD/kWh (i.e., ten times the electricity price) is selected as the penalty cost, the power

inadequacy risk can decrease above 60 times while the overall cost increases at 3.1%.
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Figure 8.6 Quantification of the impacts of the power inadequacy risk on microgrid

economics
8.3.4 Energy use efficiency performance comparison and analysis

Optimization results of the energy use efficiency

To demonstrate the impacts of the different optimization methods on energy use
efficiency performance, this study compares and analyses two cases (i.e., Case 1 and
Reference case R2). Here, COP is selected as the indicator to represent energy use
efficiency. Table 8.8 shows the results of the COP in these two cases. Case 1 prefers
to achieve the high operating COP, while Reference case R2 prefers to achieve the
high-rated COP. As a result, the value of the average operation COP in Case 1 is about

3% higher compared to Reference case R2.

Table 8.8 Results of the energy efficiency among the different optimization cases

Rated COP  Average operating COP
Case 1 4.74 4.68
Reference case R2 4.76 4.54

To directly depict the impact of COP on the microgrid system performance, Figure 8.7
shows the comparison results of the annual COP profiles between Case 1 and

Reference case R2 (in the primary y-axis) and the corresponding cooling load profile
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(in the secondary y-axis). Four small-size chillers are selected in Case 1, and three
large-size chillers are selected in Reference case R2. Higher rated load COP can be
achieved during high cooling load (between hour 2950 and hour 7300). When the
fluctuation of the cooling load is significant (especially from hour 0 to 2190 and from

hour 7300 to hour 8760), the four smaller chillers have a good energy use efficiency.

——Case ] ——Reference case R2 ——Cooling load

0 730 1460 2190 2920 3650 4380 5110 5840 6570 7300 8030 8760
Time (hr)

Figure 8.7 Comparison results of the COP profiles between Case 1 and Reference

case R2 and the corresponding cooling load profile

Quantification of the impacts of the power inadequacy risk on microgrid economics

To directly depict the impact of the COP on microgrid economics, figure 8.8 shows
the overall cost results under different average operating COP values. With the COP
increasing, the overall cost decreases. When the average operating COP increases
from 3 to 4, the overall cost decreases by 51%, but when the average operating COP
increases from 5 to 6, the overall cost decreases by 5%. The decrease in the overall
cost is not simply proportional to the COP increase. Increasing COP can effectively

decrease the overall cost, especially when the COP is very low (i.e., below 4).
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Figure 8.8 Overall cost results under different average operation COP values

8.4 Discussion on microgrid optimization developments considering

different reliability requirements

B RIKRLBIGIFHIE . summarizes the microgrid optimization developments

considering different reliability requirements. Three categories are classified to meet
the different reliability requirements in microgrid optimization, where the details are

stated as follows:

e For the design of the microgrid in the conventional optimization approach, the
reliability is set as the constraint in the optimization, as shown in Figure 8.9 (a), where
the reliability commonly is quantified by using some indexes (as shown in Table 2.2).
The optimal design solution can be easily found, and the computation cost is relatively
lower.

e To address the threat due to uncertainties (e.g., solar radiation, wind velocity,
cooling load, etc.), we conducted the uncertainty-based optimization (also called
robust optimization) by using a stochastic optimization method, as shown in Figure
8.9 (b). Setting the constraints of the reliability in the design optimization is to meet
the reliability requirements under the uncertainty-based scenarios.

e To further enhance the reliability, the risk of the power supply inadequacy
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considering the supply-demand uncertainties is quantified. This type of robust
optimization not only sets reliability constraints in the optimization but also sets the
quantified risk as to the penalty cost in the final objective of the optimization, as shown
in Figure 8.9 (c). It can effectively provide different optimization results under
different reliability requirements by setting power adequacy risk costs for the decision-

makers.
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Figure 8.9 Summary of the microgrid optimization developments considering

different reliability requirements

8.5 Summary

This chapter develops a novel robust optimal design method for islanded microgrids
and compares it with several typical microgrid optimal design methods. Two objective
functions are tested, and their applicability and difference are analyzed. Energy use
efficiency is involved in the optimal microgrid design. The power inadequacy risk is
quantified and transferred as the penalty cost. To present the advantages of the
proposed robust optimal design method, we tested the robust optimal design solution
in a vacation hotel microgrid on an island in Hong Kong and compared it to the design

results from several typical optimal design methods via simulations.
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CHAPTER 9 CONCLUSIONS AND FUTURE WORK

This chapter consists of three sections. The main contributions of this thesis are
summarized in Section 9.1. Section 9.2 presents the conclusions of the studies
presented in this thesis. Recommendations for future work are presented in Section

9.3.

9.1 Summary of main contributions

This thesis presents a comprehensive study of the performance assessments and
optimal design of microgrids in subtropical regions. Based on characteristics of energy
demands and power generation in subtropical regions, the basic hotel microgrid and
its main equipment are determined, and the mathematical models for this system are

developed. The main contributions can be summarized as follows:

1. A multi-dimensional performance assessment approach of the microgrid is
proposed by adopting the empirical cost model using the LHS method, where the
impacts of reliability enhancement and renewable energy penetration on system
economics are quantified. The correlation among three key indicators (i.e., reliability,
renewable energy penetration, and economics) of the microgrid system performance
at the planning stage is quantified and analyzed comprehensively. The computation
cost of the assessment framework can be significantly reduced while offering

acceptable accuracy.

2. This quantitative approach for security assessment is proposed to quantify microgrid
blackout risk and system wear potential. The microgrid blackout risk is quantified

considering the correlation between the microgrid capacity and chiller motor capacity,
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and the inrush current shock also quantifies system wear potential during chiller

startup.

3. A coordinated optimal design method of microgrids is proposed for enhanced
reliability and economics, which coordinates the design optimization of supply and
demand systems. Power supply adequacy and system security are both assessed using

a quantitative approach and considered as the optimization constraints in the design.

4. A novel uncertainty-based quantitative approach is developed for the reliability
assessment of islanded microgrids by considering uncertainties on both supply and
demand sides. A new reliability performance index (i.e., power inadequacy risk) is
proposed, and a risk quantification method is developed for the uncertainty-based
reliability assessment to measure the probability of power inadequacy under
uncertainties. The supply and demand-side uncertainties are both detailedly quantified

using a bottom-up approach to improve the prediction accuracy.

5. A novel robust optimal design method of the islanded microgrid is proposed
considering the uncertainties simultaneously at both supply and demand sides. A new
reliability indicator (i.e., power inadequacy risk) is considered to quantify the risk of
power supply inadequacy due to uncertainties and is used in the proposed optimal

design to enhance reliability.

9.2 Conclusions

A  multi-dimensional performance assessment framework for microgrids

concerning renewable penetration, reliability, and economics

The proposed assessment framework overcomes the limitations of the previous

assessment methods, which mainly consider the impact of one performance indicator
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on another. Instead, it considers the three key performance indicators considered
simultaneously. The insights given by the proposed assessment framework provide
essential quantitative correlations of three key performance indicators, as practical
guidelines, for making decisions at the planning stage of microgrid systems. These
quantitative correlations can also provide valuable guidance for further investigation
and optimization at the design and operation stages. Besides, according to the results

and experience of the tests, the main findings can be concluded as follows:

e The proposed assessment framework can effectively quantify the correlations
among reliability, renewable energy penetration, and economics under different
microgrid energy portfolios. For example, the minimum overall cost is 2x10°
USD considering different microgrid energy portfolios if high microgrid
reliability (above 90%) and renewable energy penetration (above 90%) are
expected.

e The empirical cost model can provide the comprehensive economic performance
of the system under different energy portfolios. This model can determine
maximum and minimum costs under the different microgrid energy portfolios
with expectations on microgrid reliability and renewable energy penetration. The
case study results show that the cost-saving potential is significant, and the cost-
saving is up to 37.5% if the reliability and renewable energy penetration are met
at nearly 100%.

e The empirical cost model developed by the LHS method is assessed and compared
with the reference model developed using the conventional exhaustive searching
method. The computation cost reduction of the proposed model is about 80%, and

the relative error of the proposed model prediction is reduced by 20%.
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A guantitative approach and simplified generic transient motor startup power

models for microgrids security assessment

e Microgrid blackout risk and system wear potential are negligible, with a small
motor capacity ratio. With a large motor capacity ratio (i.e., over 29%), inrush
current can lead to a very high risk of microgrid blackout.

e A motor capacity ratio of 8% is recommended as a limit for individual motors
using direct startup. If the motor capacity ratio is above this limit, inrush current
due to motor startup can lead to a significant risk of microgrid blackout. A star-
delta starting or soft starting mode for motors is needed to keep microgrid blackout
risk low.

e Two simplified generic transient startup power models are developed for motors
and chillers based on the ANOVA method to quantify peak inrush current and
startup time, respectively. The proposed models have satisfactory accuracy (i.e.,
an R2 higher than 80%) and are effective for inrush current quantification.

e An inrush load-embedded dynamic load profile is proposed considering both the
dynamic electrical load and inrush currents of startup events in a microgrid. This
profile not only can be used in microgrid security assessment but can also be used
in reliable capacity design/selection at the design stage.

e Different functions of failure probability distributions are compared and evaluated.
The proposed power function is more reasonable and closer to reality than the
simplified linear function.

e An equivalent overloaded load is introduced according to the reference duration
of 0.2 seconds. Considering both the intensity and duration of an overloaded
current/load, the equivalent overloaded load can more reliably reflect the

overloaded transient load in reality.
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These two major outputs of this work can effectively quantify the system security
and wear potential. The vital and valuable quantitative results provide
recommendations and guidelines for the decision-makers in optimal microgrid

design and chiller size determination.

Coordinated optimal design of islanded microgrids for enhanced reliability and

economics based on quantitative security assessment

The coordinated optimal design method of the microgrid can effectively achieve a
“global” optimal design solution by considering the power generation and demand-
side systems as a whole and quantitatively assessing the impacts of system design
on microgrid security in the optimization. As indicated by the test results, the
proposed coordinated optimal method offers essential benefits, particularly for the
overall performance of the entire microgrid system, although the conventional
optimal design method has better performance for some individual indicators (i.e.,
renewable energy penetration and energy use efficiency).

The coordinated optimal design method can provide optimal design solutions with
enhanced reliability compared with the conventional method. The results show that
the dynamic transient load ratio can be effectively limited within 0 to 100% of the
microgrid capacity by quantifying the security and considering it as the
optimization constraint. Besides, 3% of the system wear and tear potential risk can
be avoided effectively.

The coordinated optimal design method can provide a “global” optimal design
solution for the entire microgrid system with reduced overall cost compared with

the conventional optimal design method. The case studies show that 5% of the cost
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savings can be achieved compared to conventional optimization while providing
the same or improved microgrid reliability. It should be noted that the cost saving
can be larger if the cost for the main electrical facilities (e.g., inverters, rectifiers,

and electrical cables) in the microgrid is also considered.

A quantitative reliability assessment and risk quantification method for microgrids

considering supply and demand uncertainties

e The proposed reliability assessment approach can provide more robust results by
considering the uncertainties at both supply and demand sides compared with
the conventional assessment approach. The test results show that it has a
probability of 8% that the maximum outage power would be underestimated in
the conventional reliability assessment. The values of the reliability performance
indexes given by the proposed approach are 15%-30% higher (i.e., lower
reliability) than those given by the conventional approach, which avoids the
overestimation of microgrid reliability performance.

e The proposed reliability assessment approach can provide a more comprehensive
reliability assessment through risk quantification, compared with conventional
assessment using commonly-used reliability indexes. In addition to assessing the
duration and magnitude of the power inadequacy, the proposed approach can
measure the probabilities of power inadequacy under uncertainties at different
time scales. The risk quantification results show that the hotel microgrid has the
highest average monthly power inadequacy risk (i.e., 5.8%) in August and the
highest hourly risk (i.e., 4.8%) at 9:00 p.m. in a day.

e The microgrid reliability is sensitive to the capacity of the backup power
generator. The results show that increasing the backup power generation

capacity can decrease the power inadequacy risk and improve reliability
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performance. But a larger capacity is required to reduce the power inadequacy
risk to a very low level than to satisfy the requirements of the commonly-used

reliability indexes in standards.

Robust optimal design of microgrids to enhance the reliability and economics

considering the quantified power inadequacy risk

The power supply inadequacy risk due to uncertainties is quantified, and the cost
of the power inadequacy risk is first introduced as a cost penalty in design
optimization. The new measure can effectively decrease 220 times of power
inadequacy risk.

The proposed robust optimal method can achieve cost savings and enhance
reliability in providing optimal design solutions for microgrids. 2.2% - 5.1% of the
cost-saving can be achieved compared to other optimization cases. Meanwhile, the
power inadequacy risk can decrease from 0.32% to 0.0014%.

Simply using the typical supply-demand profiles cannot provide satisfying
microgrid optimal design results. It causes a huge underestimated ratio of the
overall cost (i.e., 13.7%) and poses a threat of power supply inadequacy. Besides,
as for the conventional deterministic optimal design method, using constant peak
load to conduct optimization can effectively enhance reliability, but the
overestimated load results lead to a substantial overall cost (i.e., 16.5% of the extra
cost) compared to the proposed robust optimal methods.

The efficient chiller system has a promising potential to decrease the overall cost
for the optimal microgrid design, especially when the COP is below 4. The cost
saving is not simply proportional to the increased operating COP. The operating

COP instead of a constant value (i.e., rated COP) is considered in the proposed
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optimization, which can provide significant cost savings for the microgrid

optimization design.

9.3 Recommendations for future work

This study has made great efforts to develop quantitative performance assessment and
design optimization approaches for microgrids, considering the impacts of
uncertainties on reliability. It would be very desirable and valuable to make further
efforts on the following aspects for enhancing the reliability and convenience of the

methods in practical applications.

1. In this study, the developed performance assessment and optimal design approaches
are all tested and verified via the simulations of a hotel microgrid instead of
experiments. It is worthwhile to validate further the proposed approaches using
experimental data, which requires a large amount of site or experimental data
regarding microgrid blackout cases and so significant surveying or data collection is

needed in the future.

2. In this study, the main equipment on the supply and demand sides of microgrids is
used in microgrid security performance assessment. In practical operation, the
operation and power load of microgrids are inherently unstable, which leads to
uncertainties inevitably. An assessment method that takes uncertainties into account
is more reali8stic. In the future, the variables' uncertainties, such as the dynamic
cooling load, other electrical loads, and failure rates of the equipment in microgrid

systems, should be studied and quantified.

3. The proposed security assessment approach can be used under different startup

modes, but the transient load model needs to be developed according to the startup
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mode adopted. The direct startup mode is adopted for testing the proposed assessment
approach in this study because it has the most prominent startup current and may pose
the greatest threat to system security. Other startup modes also need to be considered,

and the corresponding transient load models should be developed in future studies.

4. In this study, as for the demand-side equipment, the chiller system, as the
representative electromagnetic equipment, is solely selected in the microgrid
assessments and optimal designs. Other equipment with high power consumption
(such as water pumps, elevators, and so on) is not considered, which significantly
affects the final choice and is an important factor in practice. This equipment, therefore,
needs to be considered in future studies to achieve more comprehensive microgrid

performance assessments and optimal design.

5. With the development of demand-side energy systems, new and hot concepts are
emerging, including demand response, building flexibility, and machine-learning-
based load management. The major demand-side power consumers, especially
buildings, are required to provide more support to ensure the system's reliability and
mitigate the impacts of the natural and random features of renewable power
generations on the stable power supply. This results in the necessity to study the design
of the integration of microgrids and those smart building energy system technologies.

It is worthwhile to investigate the advantages and potential problems of this integration.
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