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Abstract

A stateof-the art alternative or supplement to the legacy electric power delivery system
the electric power grid is the microgrid, a decentralized, local group of interconnected loads
and distributed power sources that can operate in comuarweith or independently of the main
grid, in a cooperative group or as staaldneentities The focus of this dissertation is the
optimization and design of staiadone, also called islanded or isolated, microgrids.

Microgrids typically include variougower sources such as engine generators, solar
panels, wind turbines, fuel cells, and energy storage devices such as ba@eeeshehigh
variability of power demandf loads,andthe high variability of generateghowerby different
types ofenergy sourcegonsideringhe completely different cost structures ftifferent
microgridcomponentsa major technical challenge is designingpatimal microgrid system,
that is, determininghe optimalcombination of componenter a reliable, stable, costffective
and environmentally friendlgnicrogrid system.

Virtually all currently existing optimization approaches use extensive simulations to
attempt toselectconfigurations that match the generated and consumed poveaxdohoupver
the course of the project lifetime. This approestduires detailed system dafa,
computationally inefficient and slgws not easily adaptable to differesystems, different
consumer profileand different locationgequires expensive and complexta@ire to operate
andin general is not very suitable for making practical engineering decisions.

Thenovelmethod presented in this dissertation is uniquely different from all existing
approaches in that it does not attempt to mptnkerquantities. Intead, this method aims to

achieve a balance between generated and consemeeglyover the course of a day.



To determine the amount of energy that can be generated by different sources, new and
revised equations were developed that calculate the expactethof energy generated by
solar and wind power systems. In addition, new equations were developed to calculate the
expected amount of energy that needs to be stored in batteries for reliable operation. A
GeneralizedReducedsradient (GRG) and a genetlgorithm (GA) were then used to determine
the optimum combination of components that minimize cost and maximize reliability.

Unlike some other approaches, this method allows a high degree of customization.
Various power profiles and various componar@s be selected, and medibjective
optimization operataproduceoptimization results according to the preferences of the user. The
eguations and results are easily verifiable and provide a high degree of confidence in the
obtained solutios This melhod is much more computationally efficient than other methods, and
can be implemented on widely available computation platforms such as MS Excel. In short, this
method is much more engineer friendly compared to all other approaches.

To verify the validityof this methd, the developedodels andquations were tested
with reatlife production data of operationgéneratorywind, and solapowersystems. The
optimization algorithms werthenrun with power demand data of rdd small, medium, and
largeindividual users, as well agith demand data for a community multiple users. For all
systemsthe resulting configurations wetteen benchmarket configurations determined lay
specialty software tool callddOMER. In all cases the obtained solutitwysthe new method
weresuperiorin terms of reliabilityandeconomic as well as environmentalsts, hereby

confirming the validity of this method as well isssuperiority to competing approaches.
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Abstract

A stateof-the art alternative or supplement to the legacy electric power delivery system
the electric power grid is the microgrid, a decentralized, local groupndérconnected loads
and distributed power sources that can operate in conjunction with or independently of the main
grid, in a cooperative group or as staidne entities. The focus of this dissertation is the
optimization and design of staiadbne, ale called islanded or isolated, microgrids.

Microgrids typically include various power sources such as engine generators, solar
panels, wind turbines, fuel cells, and energy storage devices such as battereshé&high
variability of power demandf loads,andthe high variability of generateghowerby different
types ofenergy sourcegonsideringhe completely different cost structures ftifferent
microgridcomponentsa major technical challenge is designingpatimal microgrid system,
that is,determiningthe optimalcombination of componenter a reliable, stable, cosffective
and environmentally friendly microgrid system.

Virtually all currently existing optimization approaches use extensive simulations to
attempt to select configuratiortsat match the generated and consumed powesaftht houpver
the course of the project lifetime. This approach requires detailed system data, is
computationally inefficient and slow; is not easily adaptable to different systems, different
consumer profés and different locations; requires expensive and complex software to operate;
and in general is not very suitable for making practical engineering decisions.

The novel method presented in this dissertation is uniquely different from all existing
approachks in that it does not attempt to mapdwerquantities. Instead, this method aims to

achieve a balance between generated and consemeeglyover the course of a day.



To determine the amount of energy that can be generated by different sources, new and
revised equations were developed that calculate the expected amount of energy generated by
solar and wind power systems. In addition, new equations were developed to calculate the
expected amount of energy that needs to be stored in batteries for ighatadgon. A
Generalized Reduced Gradient (GRG) and a genetic algorithm (GA) were then used to determine
the optimum combination of components that minimize cost and maximize reliability.

Unlike some other approaches, this method allows a high degrestofization.

Various power profiles and various components can be selected, andijedtive

optimization operators produce optimization results according to the preferences of the user. The
eqguations and results are easily verifiable and providghadegree of confidence in the

obtained solutions. This method is much more computationally efficient than other methods, and
can be implemented on widely available computation platforms such as MS Excel. In short, this
method is much more engineeefdly compared to all other approaches.

To verify the validity of this method, the developed models and equations were tested
with reatlife production data of operational generator, wind, and solar power systems. The
optimization algorithms were then rwith power demand data of rdi#e small, medium, and
large individual users, as well as with demand data for a community of multiple users. For all
systems, the resulting configurations were then benchmarked to configurations determined by a
specialtysoftware tool called HOMER. In all cases the obtained solutions by the new method
were superior in terms of reliability and economic as well as environmental costs, hereby

confirming the validity of this method as well as its superiority to competingoapipes.



Table of Contents

LIST Of FIQUIES. ...ttt ettt e e e e e e e e e e e e e s e Xii
IS A0 N = 1] =S XVi
(@ gF=T o] (= g S [ ] 1o To 11 o 1[0 o PSRRI 1
I e 0] o] =T 0 ¢ I D 1= ST ] 11 o o RSP 1
1.1.2 1SOlated MICIOQIIUS. .. .eeeeeeeiiieieeeee et enenannes 1
1.1.2 Isolated Microgrid ApPpPlICAtIONS.........cooi it e e 5
1.1.3 IsolatedVlicrogrid System COMPONENTS...........uuuviuuiiiiiiceerreriiiree e e e e e e e e e e anaenens 8
1.1.4 The Isolated Microgrid Design Dilemma..........ccccoooeeiiiiiieeeiiiiie e, 13

1.2 Literature Survey of Current Research EffOrtS..........coooiiiiiieeniieee 14
1.2.1 General Research in MiCrogrids...........ccccuuviiiiimmeiiiii e 14
1.2.2 Research ilsolated Microgrid Design and Optimization...............cccccvvvveeeeeeennnn. 17

1.3 Objectives and Goals of this Dissertation...................uuueeeeeiieeieeeiiiies e 30
1.4 Accomplishments and Achievements Presented in this Dissertation.................... 32
1.5 Organization of this DISSErtatiQn............ooouiiiiiiiiicee e 33
1.6 SUMMArY Of CRAPIEL.L.....cooiiiiiiiiieie e e eeeeanees 35
Chapter 2 Mathematical Modkng of Technical Parameters for Microgrid Systems......... 36
P2 R e o1V g I 1T ¢ 4 = o o [ PR 36
P22 I I o = o N o] 1= 37
2.1.2 Peak DemMand..........ccoeeeieeieeeeiceeeiciiieee e e e eeeeeeeeeeecinnneeeeeeeeeeeeeeeenenssnnnnnmmmeeeeeeeses s 40
2.1.3 Average Demand..........ccooiiiiiiiiiiiieee e 40
2.1.4 The LOAd FACIOL.......ccceiii i e et e e e e e e e eeeeeeeees 40

2.2 Power Output of Microgrid System COMPONENTS........ccoviiieiiiiiiccceeeee e 41
2.2.1 Power Output of ENgINe GENEIALQIS.......ccceevieeiiieiiice e 41
2.2.2 Power Output of Solar Panels............coooiiiiiiiieeei e 42
2.2.3 Power Output of WIind TUIbDINES........cccoeeeiiiiiiiiiieeei e 44
2.2.4 Power Output Of BAtterieS.......ccvviiiiiiiie et 53

2.3 Energy Output of Microgrid System COMPONENLS.........uuiiiiieiieecceeiiiiieeeeeeeeeeeeaens 54
2.3.1 Energy Generated by Engine GeneratQrS............ccuuuiieeeeieeieeeeiiiiieeeeeeeiiis s 54
2.3.2 Enegy Generated by Solar Panels............oouuiiiiiiieeen i eeeee e 55

viii



2.3.3 Energy Generated by Wind TUIDINES.........uiiiiiiiiii e eeeeveeeee e 60

2.3.4 Energy Stored in Batteries.........ccvuvuuiiiiiiiieeeeiiiss s e e srrmes e e e e e e e e e 63
2.3.4.1 Battery Capacity and StateCharge (SoC) Equations..............ccoevvvvvvieeen.. 64
2.3.4.2 Stat®f-Charge (SoC) Estimation Methods.............ccooiiiiiiieeeiiieeeeeeee 65
2.3.43 IEEE Battery Sizing Methods and Standards................ccccccvvceeevveeveeviinnnnnns 70
2.3.4.4 Battery Sizing Equations for the DEB Method................coovvieeeiiiii e, 74

2.3.5 Combined Energy Output of Microgrid SysStems...........cccceeeeeeviveccciiiieneeeeeeeen 8

2.4 The Reliability of Microgrid SYSIEMS. .......uuuiiiiiiiie e rree e 79

2.4.1 Microgrd System Reliability INAICES...........uuiiiiiiiiiii e 79

2.4.2 Power Demand UNCEIMAINTIES..........uuiiiiiiiiiei e ssmmne e 80

2.4.3 Power SUpply UNCEraAINTIES.........uiiiiiiiiiiiiie et 81

2.5 SUMMANY OCNAPTET 2.ttt 84
Chapter 3 Mathematical Modeling of Economic Parameters for Microgrid Systems......85
3.1 Net Present Value (NPV) and the Discount Rate............cccoeeiiiiecceiviiniiiiiie e, 85
3.2 Net Present Cost (NPQ)....cooi e eeesi e e e e e e s e 86

3.2.1 NPC bInternal Combustion Engine GeneratarS.........ccccceeeeeiiiiccceeeeeeeeeeeeees 87

3.2.2 NPC of Solar POWEr SYSLEIMNS.........coviiiiiiiiiiiemme e srn s 92

3.2.3 NPC of Wind POWEI SYSIEMIS.......cccoiiiieeiiiiiiiemme e emmr e 93

3.2.4 NPC of Battgr Storage SYSteMS.......cooviiiiiiiiiiieeee s eeeeeeesee e 95

3.3 Levelized Cost Of ENErgy (LCOE)........uuuuuiiiiiiiiiiiiieeeiiiiiiieieeeeee e e e e e 98
3.4 Summary of Chaptern.3..........euiiiiii e e 100
Chapter 4 Survey of Optimization TEChNIQUES..............oeevviiiiiiiemmee e s 101
4.1 Matematical Optimization TEChNIQUES...........coooiiiiiiiiiice e 101
g O 1 (=T = LAV 1Y =1 T T £ 101
4.1.2 Probabilistic Optimization Methods............cccoeeiiiiiiiceeccicce e 108

4.2 MachineLearning Optimization TeChNIQUES............coevviiiiviiimmmee e 111

4.2.1 GeBtiC AlgOItNMS ... e e e e e e e e e 112

4.2.2 Simulated ANNEAIING. ......cuviiiiiiiie e 115

4.2.3 Particle Swarm OptimiZatiQml...........cuuuiiieiiiiieemrciie e e e e eeme e e aeens 117

4.2.4 AntColony OPtIMIZAtION..........cuvuiiieiiiiii e 119

4.2.5 Other Machingearning Algorithms..........ooooi e 121



4.3 Multi-Objective Optimization TEChNIQUES...........eevviviiiiiimreeeeeee e 121

4.3.1 ScalarizatioMetNOdS. ..........uuuiiiiiiiiii e 121
4.3.2 Pareto MethOdS.........oooeiiiiiiiiiccee et e e aneee s 123
4.4 Summary of Chapternd. ... e e e e e e e e e e e 127
Chapter 5 The Daily EnergyBalance (DEB) Method............cccoooviiiiiiiieeciiiciieeeeeeeeeee 128
5.1 The Principle of Operation of the DEB method...............cccovviieeeei i, 128
5.2 Method ParametersS.......ccooi i i iiiceeieeeie ettt et eeeee 129
5.2.1 PrimaryinPut DAta.........cceeeiiiiiiiiiiimmme e eeea e e e e e e 129
5.2.2 Secondary Input Data ComputatiQnS............cceeuvviuiimmmrerreeeeeiiiiiie e eeeeeens 131
5.3 Optimization Problem FormulatiQn...............ooooviiiiiiiiiieeecee e 134
5.3.1 ODjJECtiVE FUNCLQOM.......ceieiiiiieieeimmee et eeea b r e e e e e e e 134
5.3.2 DeCISION VariableS........uiiiiiiie e eeeeeeeeee e e 134
5.3.3 CONSIIAINTS. ... i iiii ittt e eee s eennr bbb e e e e et e e e e e e e e e s emmreeaaaeaeeeas 134
5.4 Summary of Chaptern.h...........ueeiiiii i eeeeer e 135
Chapter 6 Results and CONCIUSIONS ........uuuiiiiiiiiiiiiiceeeeieei ettt rmmme e 136
6.1 Design of a Small Microgrid SYSTEIML.........uuiiiiiiiiiiii e 137
6.1.1 Small System DeSCHPLION. .......uuiiiiiie e e ceeeriie e e e e e e e e eeer e e e e e e e e eeeeannenns 137
6.1.2 Small System Design with HOMER................ooiiiiiiiriieeecs e 138
6.1.3 Small System Design with the Daily Energy Balance (DEB) Method............. 142
6.2 Design of a Mediunvicrogrid SYSIEM.........ccccuiiiiiiiiiiiieeeiiie e 147
6.2.1 Medium System DeSCHPLION............uueiiiie et rreer e e e e e e e 147
6.2.2 Medium System Design with HOMER...............cooooiiiiieeeii e, 148
6.2.3 Medium System Design with the Daily Energy Balance (DEB) Methad........ 152
6.3 Design of a Large MIiCrogrid SYStEIM.........uuuiiiiiiiiiiiieerieiiieeeeee e 155
6.3.1 Large SysStem DeSCHPLON. ......uuui it eeeecce e e e eeee e e e e e e e e e eeeeaaaees 155
6.3.2 Large System Design with HOMER ................ouiiiiiicciiieee e 156
6.3.3 Large System Design with the Daily Energy Balance (DEB) Methad............ 159
6.4 Design of a Community Microgrid SYSeM........ccceviiiiiiiiiiincceeee e 161
6.4.1 Community System DeSCrPLON..........oviiiiiiiie e 161
6.4.2 Community System Design with HOMER.............cccooiiiiiiim e, 162

6.4.3 Community System Design with the Daily Energy Balance (DEB) Methad...166



6.5 SUMMArY Of RESULLS.......coeieeiiiieii e e e e e e e e e e e e e enenreeeeas

6.6 Conclusions, Accomplishments and Plans for Future Wark............ccccooovveeevvnnnnes

Xi



Figure 1.1.
Figure 1.2.
Figure 1.3.
Figure 1.4.
Figure 1.5.
Figure 1.6.
Figure 1.7.
Figure 1.8.
Figure 1.9.
Figure 1.10

Figure 1.11.

Figure 1.12
Figure 1.13

panels
Figure 1.14

Figure 1.15.
Figure 1.16.
Figure 1.17.
Figure 1.18.
Figure 1.19.
Figure 1.20.

Figure 2.1.
Figure 2.2.
Figure 2.3.
Figure 2.4.
Figure 2.5.
Figure 2.6.

List of Figures

A diagram Of @ MAGODIA ...........ccuuiiiiiiiiiii i ieee e eeer e e e e e 1
A diagram of & MIGIHNI. ........oooiiiiiiiii e 2
A diagram of a daborative microgrid..............cceeeviiiiiiiiceee e 3
A diagram of an isolated MIiCrogrid.............cooiiiiiiiieeeee e 4
A picture of a field pOWer UNiL...........ooooiiiiiiiiiiee e 6
A picture of an effrid ranch in Wyoming...........cccccuuiiiiimiiimemiiiiiieeeeeeeee e 7
A picture of a large industrial generator...............coovvvvieeee e 8
A typical efficiency curve of a diesel generator..........ccooeeeeeeiceeeiciiiiiien e, 9
An example of an isolated microgrid supplied only by a generatat.............. 10
. A picture of a large energy Storage.uUnit................eeeeeeeemiuvmmemeniriieeeeeeeeeeeeens 10
Peagkhaving (left) and loatkvding (right) schemes.............cccooiiiieeen e 11
. An example of an isolated microguighplied by a generator plus batteries....12
. A picture of a renewable power system-&tdfe Salina consisting of 2%V of PV
and a TRW wWind tUrDINE..........oiiii i 12

. An example of an isolated microgrid supplied by a generator, PV grashels

DALEIIES. ..ttt r e e e e e aas 13
Microgrid optimization techniques classification............ccccccooeveeeeiiiceeennn. 17
A graphical representation of a SOlUtion VECIQL............cooovviiiccceeeeeeeeeeee 21
HOMER bIOCK diagram...............uuuiiiiiiiieeeiiiiiiiiiiie e 25
HOMER OUIPUL IR ... et mmmr et e ea e 26
HOMER WPUL table...........oveeiieee e eeee e 26
IHOGA frONT PANELL.....uiiiiiiiiiiiiii e 28

A typical load profile for residential CUSTOMETS.......cccoeveeieiiiiiiceeiiieeee e 38
A typical load profile for commercial CUSTOMErS............oovvvviiiiieeieeeeeeeeiiiia 38
A typical load profile for industrial cuStOMers..............vvvviiiiccceeeeieii, 39
A typical load profile of @ COMMUNILY.........uuuuiiiiiiee e eeee 39
The average daily irradiance map of the US............ccoo o 42
A typical wind turbine power output vs wind speed.plot.............cccceeiiieeennn. 45
The annual average wind speed map of the.US..............cccoviceiii el . 46

Figure 2.7.

Xii



Figure 2.8. Wind turbine area calculations illUStration.................uueevicneieeeeeeiiiineeen 47

Figure 2.10.
Figure 2.11.
Figure 2.12.
Figure 2.13.
Figure 2.14.
Figure 2.15.
Figure 2.16.
Figure 2.17.
Figure 2.18.

Figure 2.19

Figure 2.20.
Figure 2.21.
Figure 2.22.
Figure 2.23.
Figure 2.24.
Figure 2.25.

Figure 2.9. Air density vs temperature and air pressure.plots..............eeeiviceeevervnnnnnnnnn 47
Idealized actuator disc representing a wind turtbine..............cccooeeeeeeeinn. 48
Efficiencies of turbines with different blade designs..........cccccccccciieeeen 49
The power curve and results of approximations fok\& vind turbine........... 51
The power curve and results of approximations fok&Viwind turbine........... 52
Peakunhour IHUSTratioN............oeeiiiiiiii e 56
Winter peagunthours map of the US......... e 57
Monthly peakurthours chart for Salina, KS..............oooviiiiiicccei e 58
Energy production chartfoit at e Sal i n.a.é.s..s.0l.ar.5yst em
Hourlyvind speed averages chart for Salina, KS, on June 15,.2024........... 60

Daily wind speed averages chart for Salina, KS, in June.2024.................... 61
Monthly average wind speed map of the US forZD@..............cccceeeeeeeennne 61
SoC estimation methods classification.............ccccuvimeen e 65
Kinetic Battery Model illustration..............cc.euvvimiimmmriiiiiiiiiieeeeeeee e 66
ST R S o] r= To [ o] o) A TP PUPPPPPPPPP 69
Diagram of a battery dtttycCle...............ccooviiiiiiiiieer e L
Load profile of a communication Station................cccceeiiccereeeeevveiiiiiieeee e 72
lllustration of the kMIOUNtING ProCEAUIE.........eviiiiiiiiiiieii e 75

Figure 2.26.
Figure 2.27.

Daily battery capacity requirement plots for various power source combina8ons

Figure 2.28. Examples of Weibull distribution functions..............ccccovviimee i, 83
Figure 3.1. A typical fuel consumption chart of a diesel generator..................ooveeeeee. 89
Fi gur epa@dmeer vs KAAIUSIIALIQN. ..........c.coviveeeeeeeeeemeeeeeeeeeee et eeeeee e, 90
Fi gur epadmeBer vs KWDIlIUSTratiQn..........oooeeiiiiiiiiiie e 91
Figure 3.4. LCOE concept illustration...............oooeiiiiiiieeeiii e ceeeeeeeeeeeeeeee e 99
Figure 4.1. Gradient descent algorithm illustratian..............cccoooeieeeeiiiiiiiiiie e 102
Figure 4.2. LP simplex algorithm illustration...............cccuuviiiimemniiiie i 104
Figure4.3. Flowchart of a Generalized Reduced Gradient (GRG) optimization algoritif7
Figure 4.4. Stochastic programming tree iHaBON...............coooiiiiiiiccniii s 109
Figure 4.5. lllustration of the Bayesian optimization procedute.............c..ccovvreemerevnnnnnn. 110
Figure 4.6. Binary GA ilIUSIratioN...........coooiiiiiiiii e 113

Xiii



Figure 4.7.

Figure 4.10.
Figure 4.11.
Figure 4.12.
Figure 4.13.
Figure 4.14.
Figure 4.15.
Figure 6.1.
Figure 6.2.
Figure 6.3.
Figure 6.4.
Figure 6.5.
Figure 6.6.
Figure 6.7.
Figure 6.8.
Figure 6.9.
Figure 6.10.
Figure 6.11.
Figure 6.12.
Figure 6.13.
Figure 6.14.
Figure 6.15.
energy)
Figure 6.16.
Figure 6.17.
Figure 6.18.
Figure 6.19.
Figure 6.20.
Figure 6.21.

Reabalued GA IHUSTIALION ... .c..ee e 114

Particle Swarm optimization illUStration................eeevviiieemiiiiiiiiiiieeeeeeeeen 118
Ant Colony optimization illustration............ccccoeee e vieeeiiii e, 120
MultObjective Optimization (MOO) methods classification...................... 121
Paretfiont iHUSTratioN............uuuieii e e 123
NSGA HHHUSIFALION. ... rree e e e eeeeeaeaes 124
MOPSO (HUSTrALION. ......coiiiiiiiiiie e eee bbbt e e e e e e e e e e 126
Small stem load Profile............ueeiiiiii e 137
Small system demand StatiStiCS.............oooiiiiiiemmr e 138
Small system load profile for HOMER..............ooooiiiiiicce 139
Small system input parameters for HOMER................cccovieeeiiiiiiiie e 140
Small system layout by HOMEE...........ovviiiiiee e 140

Sample convergence plot by the Generalized Reduced Gradient (GRG) algdrithm

Sample convergence plot by the Genetic Algorithm (GA)......cccceeeeeeeerrinnes 144
Small system design verification for the DEB method..............ccccovveeene. 146
Medium system load Profile.............oouuemiiiccc e 147
Medium system demand StatiStCS..........cvviiiiiiiiiiieeri e 148
Medium system load profile for HOMER...............cccooimmniiii 149
Medium system input parameters for HOMER.................cooiieeeiiiieieeeee 149
Medium system layout by HOMER................ouiiiiieeeeecee e 150

Medium system design verification for the DEB method (only solar enerd$_3
Medium system design verification for the DEB method (generator plus solar

..................................................................................................................... 154
Large system load profil@..........ccoooiiieiiiicecciiccc e 155
Large system demand StatiSHCS...........eevvuviumiirreieeeeiiiiiieee e e 156
Large system load profile for HOMER............ccccciiiiiimemiiiieeeee 156
Large system input parameters for HOMER................coovieemeiiiiiiiie e, 157
Large system layout by HOMER..............ooiiiiiiieeer e 157
Large system design verification for the DEB methad.............cccooovveeenenes 160

Xiv



Figure 6.22.
Figure 6.23.
Figure 6.24.
Figure 6.25.
Figure 6.26.
Figure 6.27.

Community system load profile.............oeveeiiiiiiccciiieeeee e 162
Community system demand StatiSHUCS........ccoeeeeeeiiiiieeeie e 162
Community system load profile for HOMER..............oooiiiiiiicemiiiiiiie 163
Community system input parameters for HOMER..............cccooviieeeviinnnnns 163
Community system layout by HOMER.................oooviieeee i 164
Community system design verification for the DEB methad..................... 167

XV



Table 1.
Table 12.
Table 21.
Table 22.
Table 31.
Table 61.
Table 62.
Table 63.
Table 64.
Table 65.
Table 66.
Table 67.
Table 68.
Table 69.
Table 610

Table 611.
Table 612.

Table 613

Table 614.
Table 615.
Table 616.
Table 617.
Table 618.
Table 619.
Table 620.

Table 621.

List of Tables

b i

Batteryratio vs loadratio guidelings.............oovvviiiiiiiiiieen e 18
Cost of energy vs number of components soludtible.................cceeeviiiiieenneeen. 20
Yearly production data of the&t at e Sal i na.f.s...wi.n.d..163r
Battery capacity and discharge parameters.........ccooovvvveiieeeciiiiiiiii e 71
Comparison of different battery technologies........cccooveeeiiiiieeeiiii e, 96
Small system results table Hpmer for Salina, KS............ooooiiiiiiccceceeiiines 141
Small system results table by HOMER for Bangor, ME..................cveee. 142
Small system input parameter table for the DEB methad............................. 143
Small system results table by the DEB method for Salina,.KS.................... 145
Small system optimal configuration by the DEB method for Bangor,.ME.....146
Medium system results table by HOMER folii&g KS...........vvviiiiiiiiieenn. 150
Medium system results table by HOMER for Tucson,.AZ..............ccccvvveeee.. 151
Medium system input parameter table for the DEB method.......................... 152
Medium system results table by the DEB method for Salina,.KS................. 152
. Medium system optimal configuration by the DEB method for Tucson,.AZ154
Large system results table by HOMiBRSalina, KS............oooooeiiiiiiiiiieeene. 158
Large system results table by HOMER for Garrett, WY................ovvvvvieeee... 158
. Large system input parameter table for the DEB method.....................ceee.... 159
Large system results table by the DEB method for Salina,. KS................... 160
Large system optiahconfiguration by the DEB method for Garrett, WY.......161
Community system results table by HOMiBRSalina, KS......................oo. 164
Community system results table by HOMER for Stevens Village,. AK........ 165
Community system input parameter table for the DEB method.................. 166
Community system results table by the DEB method for Salina,.KS.......... 166
Community system optimal configuration by the DEB method for Stevens Village,
....................................................................................................................... 168
SUMMArY Of RESUILS.......uuiiiiiiiiiiiiiii e 169

XVi

ne



Chapterl-l nt roducti on

1.1 ProblemDescription
1.1.1Isolated Microgrid s

In general, electric power systems can be dividedtimtobroad categoriesmacraegrids
and micregrids. The legacy configuratiors the macregrid, where most consumers and
producers are connectada largenetwork,covering large geographical areasmetime®ntire
countries oeven continentsspanninghundreds if not thousands of mileBhe power generation
is centralized, anchored by large coal, nuclear or hydroelectric power plants. The power plants

and consumers are interconnected utilizing highage long-distance powetransmission lines

Mj—] f—@ﬁ

LARGE SCALE LARGE SCALE
GENERATION UNIT GENERATION UNIT

TRANSMISSION NETWORK

Bl B LS

INDUSTRIAL DOMESTIC COMMERCIAL
CONSUMER CONSUMER CONSUMER

Figure 1.1. A diagram of a macro-grid

(Source: stock.adobe.com



Due to the size of the systsiand redundancy of components, magrials are typically
moreefficient, moreeconomical, more stable, and more reliable than shtéorte systems.
However, macrayrids are susceptible ptentiallycrippling largescale outages due to natural
or manmadedisasters. They also carry a substantial environmental liability dheitoeliance
on nonrrenewable energy sources.

A micro-grid isa localized group of interconnected loads and energy somass
commonlylimited to acertaingeographic area, sudsremotesettlements (e.g., in Alaska),
literal islands (e.g., Puerto Rico), drilling platforms, etc., where connecting to the-gratre
either impractical, cost prohibitive or simply impossibRower generation is decentralized,
often using renewdd energy sources such as solar, wind, and ssoale hydro power plasit

Electricity is distributed locally, reducing the need for lahistance transmission lines.

UTILITY GRID
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MICROGRID ey

COMMERCIAL AND % ELECTRIC
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Figure 1.2. A diagram of a micro-grid

(Source: stock.adobe.com



Micro-grids provide energy independence and security, offer improved resilience and
reliability for remote or disastgrrone areas, facilitate an increase in renewable energy
generation, and offer potential cost sauvingugh local generation and reduced transmission
costs. However, mickgrids often have higher initial costs, limited capacity compared to macro
grids, and require complex management and control systems to balance supply and demand and
to provide a relialy continuous service.

Fairly recently, a substantial body of research has been done to try to merge the two
systems. Localized groups of consumers and producers are connected irigriaésout with

the flexibility of connecting t@ cooperativelyrun macregrid.

Upstream network

Microgrid 3

&.ll gl ]

((MS

Figure 1.3. A diagram of a wllaborative microgrid
(Source: [1]



Each subsystem of the cooperativelyin microgrid can provide service and operate
independently when the maegoid fails (nthesec al | ed fAi sl andedo mode) ,
still be connected to the macro grid and is able to have continuous service and reap the benefits
of economyof-scale when operating cooperatively in the ghnected mode.

Unlike cooperativelyrun microgrids which are currently still mostly experimental
systems, iglatedor standalonemicrogrid system$iavealreadyproventhemselvesn practice
and aregparticularly beneficial for providing electricity in remote areas where coiometct a
macro grid is not feasibleOften, they include only one load, or a small number of |cads
applications such as remote weather statioffigyrid residencg etc. Typically, these systems
combinerenewable energy sources like solar photovat@?/), wind turbines and hydre
powerturbineswith conventional power sources such as diesel and propane generators,

augmented witlstorage options such as fuel celtglbatteries.
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Figure 1.4. A diagram of an isolated microgrid
(Sourcei2])



1.12 Isolated Microgrid Applications
As discussed earliemicrogridsystemsre particularly beneficial for providing
electricity in remote areas where connection to a macro grid [gactcal orfeasible. They

come in various sizes, which can be loosely grouped as follows:

A Smadilsegd t(etnds k Wh/ d &x)ampel ’de mot e weat her

tower s, et c.

A Me dmaui msea ( 8000 k Wh/ Eraginmpd lewsgpirei b fHouses,

ranches, et c.

St a

r e mi

A Large scal e .( >Elx0a0mpkl Véhshalitargc)lswed ¢ e e neskcands

Therearea multitude ofotherapplications, but twagpecificapplications served as
motivation for this researcdmndwill be highlightedbelow.

The first application aradld power units Field power uniteire compact and portable
sources of electricity, whichaa be quickly set up to provig@wer for various needs:or
example, field power units powesmmunication equipment, radar systems, surveillance
devices, and other critical electneeddor themilitary. They also supply power foredical
equipmentcommunication devices, lighting, water purification systems, and other fogeds
disaster relief agencieg hey are indispensable to operdtga collection, communication, and
instrumentatiorequipment for remote research stations. They are also a gosigi at
construction sites where they power lights, power tools, etc. They seellitewers, fiberoptic
networks stations, rural water stations, and other remote infrastrecuiggnent. They provide
power for lights orstagesa sound system, a@otherneeds for atdoor events such as music

festivals, concertgr sportingevents



Figure 1.5. A picture of a field power unit

(Source: stock.adobe.com)

While field power units have been around for a long timaalitionally they were
powered exclusively by engine generators. Howearegcent years field unit manufacturing
companiedave startedugmenig engine generators with batteries, solar pareld,wind
turbines. A critical design aspect is to determine the optimum size and ratio of each of these
components such that the cost per kWh is minimi&aat. 0 far there has been virtually no
research done in this area.

The second major application fiaricrogrid systems is providing power for edfrid
dwellers People living in remote areas without access to the power grid are a small minority in
the US, but they still exist, particularly in western states such as ambana, Wyoming and
as already mentioneéaska. Living off-grid is much more commonplace in other parts of the
world, particularly inparts ofAfrica, Asia and South America, where the power grid is not as

developed as in North America and Europe.



Figure 1.6. A picture of an off-grid ranch in Wyoming
(Source: Adobe Firefly)

In addition, in recent years an @ffid movement has gained momentum as peopleein
so-called developed countries seek altgive ways of living that prioritize sedufficiency,
sustainability, and independence from traditional utilities, and who then voluntarily go off grid.
Whatever the reasdor living off-grid, an electrical engineer might be tasked vdésigning a
well-balanced power systefor off-grid dwellerssuch that reliability is maximized, fuel
consumption is minimized, and overall costs are minimized.

While there has been some research (surveyed in section 1.2) done in this areaitalready
is by and largetrictly simulationbasedacademiexercisesand notmuch helgfor practical
engineering decisions. There is a needrforeresearchn this areao better understand
microgridsystemsso thatpractical engineering methods aodls could be developed for

designing optimunmicrogridsystems for offgrid applications



1.13 Isolated Microgrid SystemComponents
Asdiscusseearlier, amicrogridtypically consists oft key componentsvhich will be
discussed in greater details below:
A A single load device or several loddviceswhich consume electric power
A Dispatchable (controllable) power sources such as diesel, natural gas, or propane
generators.
A Storage devices such as batteries, elegttiicles, flywheels, compressed éirel cells,
etc.
A Renewable sources of electricity production, such as solar panels, wind tunpitres,
turbines etc.
While renewable energy sources such as wind and solar currently receive the bulk of
research timand money, internal combustion engine generators (diesel, natural gas, or propane

powered) are often the heart of a practical (functioning beyond simulation) system.

Figure 1.7. A picture of alarge industrial generator

(Source: stock.adobe.com)



Unlike renewable sources, which depend on uncontrollable and unpredictable weather
factors such as sun irradiation and wind speed, engine generators petialole, stable, and
dispatchable, i.e., precisely controllglgewer in large quantitieddoweer, engine generators
are not environmentally friendly, as they are a major source of air pollution (carbon monoxide,
carbon dioxide, nitrogen oxide, etc.), as well as noise pollutioaddition, they have by far the
largest operating costs of any aablle power sources, burning through tons of expensive fuel
while in operation.They are also quite inefficient, especially when running with a low load, and

burn fuel even when idling
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Figure 1.8. A typical efficiencycurve of a diesel generator

The loads in a typical system vary greatly throughout the day, week, month, year, with
the effect that the generator must be oversized to cover the peak load, while running inefficiently

the rest of the time.



Forexample, given the power demand curve below, the minimum size of the generator
needs to bat leas0 kW, but for large stretches the generator is loadgdite a bitless than

50%.
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Figure 1.9. An example of an isolatedmicrogrid supplied only by a generator

To improve the efficiency ad system employingngine generators, a common strategy

is to add some storage devices, e.g., batteries.

Figure 1.10. A picture of alarge energy storage unit

(Source: stock.adobe.com)
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Now the generator can be sized smaller, and the batteries can be used to supply additional
power in times of high demand. In times of low dethdhe generator can be used to replenish
energy stored in the batteries, so that most of the time the generator operates in the most efficient
region.

This strategy, callegeakshaving decouples energy production and consumption,
allowing the generator to be sized according to the average demand indteggeak demand.

By increasing the size of the storaget load-levelingcan be achieved, resulting irfarly flat

demand curvéor the generator.

Low Demand
Period

-«—

Low Demand
Period |

Energy
Usage

Energy \
(% Storage (%
= s —»
i High Demand AG,) i High Demand
i Period , @ i Period _
i Time [hours] i Time [hours)
0 4 8 12 16 20 24 0 4 8 12 16 20 24

Figure 1.11. Peakshaving (left) and loadleveling (right) scheme

Source]3]

Forthe samexampleabove the generator camow be sizednuchsmaller with a rated
power ofonly 12.5 kW While still running d the time the generatois now operatingn the
most efficient region, charging batteries in times of low demahde theenergy stored in
batteriescan be usetb supplement thgeneratopowe in times of high deman(eefigure

below).
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Figure 1.12. An example of & isolatedmicrogrid supplied by a generator plus batteries

Once storage devices grart of themicro-grid, the next logical steig to addrenewable
energy sourcesuch as windurbines andolarpanelsto recharge batteries when these resources

are available Depending on the size of the components, the usage of an engine generator can be

greatly reduced or evarompletelyeliminated.

Figure 1.13. A picture of arenewablepower systemat K-State Salinaconsisting of 24 kW
of PV panels and a 1&kW wind turbine
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For thesameexampleas beforeby addingsolar and/owind powersourcesthe size of the

generator can be reduced even more (to 10 kW), and the run time of the generator can be halved.

Generator output Battery output Solar output Power demand
25

20
15

10

Power (kW)

-10
Time (hrs)

Figure 1.14. An example of & isolatedmicrogrid supplied bya generator, PV panelsand
batteries

1.14 The Isolated Microgrid Design Dilemma
To summarize the discussion above, the same load can be sigy@idter only a
generator, oagenerator and batteries, agenerator, solar power and some batteries, or any
othercombination of sourceBut whi ch i s the fbe&haistheor opti m
optimal size of generators, solar panels, wind turbamekbatteries such that powksss days are
eliminated, fuel consumption is minimized, and the overall costaieized?
On the surface, it appears the most desirable solutianioecrogridsystem would bene
where the usage of engine generators is completely eliminated, and thp@mérdemand is
covered by renewable energy sources. However, while renewable energy sources require no fuel,

and therefore have low operating costs, the upfront investmestaresbften higher than engine
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generators. In addition, renewable energy sources suffer from reliability concerns deyidrey
on highly variableand unpredictable energy sources such as solar radiation and wind speed.
Therefore, a practical solutionrfdesigning amicrogridsystem typically requires finding
compromises between high investment costs (renewable energy components) and high operating
costs (internal combustion engines), while considering reliability as well as a host of other
technical, pactical and financial design requirements of a project.
The problem can then lbermally statedas follows: given the variability of power
demand and power availability of different energy souatekloadsconsidering completely
different cost structussof microgridcomponents what combination of components would

result in the most ef fi isalaedmicrogridpewernsysteni?e , st abl

1.2 Literature Survey of Current Research Efforts

1.2.1General Researchin Microgrid s

Microgrids in generahave been at the center of substantial research efforts for several
years alreadybut tere stillremaina hostof technical and economproblemsto be resolved.

The technical sidencludesdeveloping moreadvanced energy storaggstemd4];
improving control[5], dispatch strategieandload managemerji6]; designingresilience and
protection schemdg]; andimproving stability and power quality8]. Some of these technical
challenges have been addressed by research done $H(S group at kState

For example,9] discusses the challenges and solutions related to stability in microgrids
with low inertia. As renewable energy sources like wpalverand solapowerbecome more
common traditional synchronous generators agef replaced, leading todecreasén system

inertia. This reduction in inertia makesritore difficultto regulate frequency and voltage, which
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are crucial for stable microgrid operatioho address these issues, energy storage systems (ESS)
combined with virtual synchronous generator (VSG) control are propdses.approach helps
to controlpower output and improve the stability of the microgNGrious control strategies
and techniques to limit fault currents and maintain synchronizdtiang transient events are
also explored.

In [10], the authors explore how converting critical loads to smart loads can enhance the
stability and power quality of nanogrids. Nanogriisfined asmallscale power systems
typically serving asingleloador a single buildingoften face challenges due to low inertia and
power fluctuations. Smart loads can adjust their power consumption to match supply, thereby
limiting voltage and power oscillationg.his reduces stress on energy storage systems and
minimizes the need for large battery bankgveral case studies demonstrating how smart loads
improve the performance of nanogrids under various conditions are presented.

In [11], the authors discuss how voltage source inverters (VSIs) can be optimized to
provide ancillary services in microgrid3.hese services include negatseguence
compensation and harmonic compensation, which are essential for maintaining power quality
and stability. This study highlights a novel pulsédth modulation (PWM}echnige that
maximizes the utilization of the DBus voltage in gridnteractive twelevel VSIs. By injecting
a commorAmode component into the PWM references, the proposed method increases the
maximum active and reactive power that the VSI can deliver whileding ancillary services.
This approach helps to keep the inverter operating within its linear modulation region, enhancing
its performance and reliability.

In [12], the authors explore how inverters can autonomously manage microgrids,

ensuring stable @pation both when connected to the main grid and when operating

15



independently.A novel control strategy allows inverters to switch betweenfgriching (GFM)
and gridfollowing (GFL) modeswithout external communicatiorGFM mode allows inverters
to crede voltage and frequency referengdsch areessential fomicrogridoperation. GFL

mode enables inverters to synchronize with the main ¢iging dual parallel control pathways,
the proposed method enhasthe reliability and flexibility of the micrgrid.

Ontheeconomicside some major challenges are reducing the capital, operation, and
maintenance costensumg cost and power availabilitgndfairness in a microgricand soling
variousregulatory and financing issufis3]-[15]. Some otthese challenge particular
providing costreduction,power availabilityandfairnesshave been addressed by research done
by the BIC group at KState.

For examplein [16] and[17], anoveldouble auction mechanism for energy trading
between buyersma sellers within a microgri proposed to reduce operation codtke auction
is conducted iteratively, allowing adjustments without needing private information from agents.
A central controller manages the auction, aiming to maximize both indi\beénafitsand
overall social welfare.

In [18] and [19], game theory is applied to optimize energy trading between agents in
microgrids. The interactions between varioagentdn a microgrid, such as consumers,
producers, and storage uniése modeledising multtagent system Using game theory,
equilibrium points are found where no agent can improve thairbenefits by changing the
strategy unilaterally.This approach ensures that all participating agents maximize their
individual payoffs athe equiibrium points as well as maximize the systende efficiency

While utilizing some elements of the previous research effbitsgissertation takes it in

a different direction. It istill concerned with the technical aspects as well as economic aspects
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of microgrids,butthe overall goais determining appropriate methods and tools to design

mostefficientisolated microgricystem.

1.22 Researchin Isolated Microgrid Designand Optimization

There are surprisingliew practicalguidelines for an engineer who is tasked with

designinga microgrid powersystem The various approaches can be loosely groagddllows:

»

Trial and error

Rule-of-thumb

Islanded

Exhaustive search

Microgrid _ Conventional
Design methods
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Mathematical methods

Genetic algorithms

Simulation-
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HOMER

Software tools
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Figure 1.15. Microgrid optimization techniques classification

Currently nostpracticalmicrogridsystemdesignguidelinedfall inthefit r i al oand err
irul e ochtegoriesulTheltratanderror methodeginswith an educated gues$he
configuration is tested to see if it functions properly. If not, the experimentation continues until a

working solution is found This is typiclly an extremely time&onsuming endeavor.
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The wle-of-thumb approach uses some experimentally determniries. For example, to
choose the correct size for a battery, one source suggests the following design guideline
compute the loadatio, defined as the total watburs divided by the continuousnming watts

of the load. Depending on the leeatio, determine the battery ratio according to the following

table [20]:
Table 1-1. Battery-ratio vs load-ratio guidelines
Load-ratio Battery -
ratio
1-5 5
5-10 4
10-15 3
15-20 2.5
>20 2

Then, basedn the load rationultiply the batteryratio by the total wathours to
determinghe necessary battery bank capackpr example, if the required energy is 1710 Wh,
and the continuous running power is 670 W, then:

TT
0 & aao P g
Gx M

Based on the table above, the battery ratio is 5, and the total capacity of the battery bank

O v pXp WA UQEQ
As is to be expected, this approach is vague and imprecise, and might not always result in
a working systemandeven lesdikely in an optimal systemUnfortunately there isusuallynot
muchconsideration about determining an optiro@hfiguration. Typically, the engineer is
simply directed to design each subsystem (generator, solar, veittery independently

according to some rulesf-thumb, and if in doubt, oversize everything, especially the engine
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generator, so that it can giap the slack if the rest of the equipm&mns out to béoo smallfor
proper operation

To summarize rial-anderror approaches are extremely tio@suming, and do not
guarantee that an optimal solution will be fouitlle-of-thumb guidelinesgvenif they are
available, are too vague, and may not provide a good solution to a specific pedthiem

More scientific and repeatable is the simulatibased approach. In the most basic
version, candidate solutions aréested by doing an exhaustive search of all possible
combinations. For each selected solution, a simulation is run to determine if a solution is capable
of supplying the power demand over each ti me
lifetime. For each solutionts desirability in respect to reliability, cost, fuel consumption, or
other performance criteria is computed. The optimal solution can then be chosen from the list of
feasible solutions.

The exhaustive search methauvolving thesearch of all possible valid combinatipns
usually provides a workable soluticand several publications report using it, for exannple
[21]. Another exhaustive searapproach is also uséa[22], wherethe authors build a matrix
with all possible corinations of numbers of solar panels and nusbgwind turbines
according to a lengthy algorithm. For each combination, the generated power is computed.
Then for eaclacceptable (in terms of power generatambination the levelized cost of energy
is determined, which allows the user to pick the optimafigoration For a case study
discussed in this paper, the result was presented in the fanablebelow. Forthis case, the
optimal configuratiorwas found to b@5 PV panels and 7 wind turbines, resulting in the

minimum levelized costf-energy (LCOE) equal to $0.74.
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Table 1-2. Cost of energy vs number of componentolution table

Number of components Levelized cosbf energy (LCOE)
141 PV + 1 Turbine 0.859 $/kWh
130 PV + 2 Turbines 0.85 $/kWh
125 PV + 3 Turbines 0.812 $/kWh
118 PV + 4 Turbines 0.797 $/KWh
107 PV + 5 Turbines 0.792 $/KWh
103 PV + 6 Turbines 0.759 $/kWh
95 PV + 7 Turbines 0.741 $/KWh

In [23], theprocess is similar, but theelection forcandidate solutionis greatly
simplified. Itstartsby selectinga combinatiorwith no generatooutputand usinghe maximum
size of a solar systeto still satisfy the load requirement$hen n eachteration, the size of the
generator is increasedhile the size of the solar system is decreag®a array isused tdkeep
track of costs foeachvalid combination.Whenthe costs for all valid combinations dogind,
the combination with the minimukost is selecteds the winning configuration

Another subcategory of the conventional design method srdibilistic optimization
which utilizesuncertainty parameters in the problem formulation or the solution pro€ess.
example[24] computsthe lossof-power probability for different combinations of system
components and determswn optimal solution vectaatisfying bothigh reliability and low
cost. To avoid oversizing or undesizing the system, every possible solution in the search
space is considered, and the solutions are returned in the form of vectors.

Fora case study presented in the paper, the optimization algorithm retinensalution
vectorsas seen ithefigure below. For this example, the optimal vector is #187, corresponding

to 57 MW of solar power, 187 MW of wind power, ambattery storage system of 63 MWh.
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Figure 1.16. A graphical representation ofa solution vector
(Sourcef24])

In [25], the authorattemptto determine the optimal configuration ofrécrogridsystem
while alsoconsidering the uncertainties of salaiadiation and wind speedTlhey arausing the
Latin Hypercube SamplintHS) method to generate samplaghe search spacéhe Weibull
distribution is used to fit the wind speed data, while Gaussian distribatiensed to fit the
irradiationdataand temperature datéseveral types afptimization algorithms are then
implemented and solved MATLAB .

Usually faster and more efficient than exhaustive search methods, thbenatdic
(artificial intelligence) methods are another optidihile still relying on simulations, these
algorithms use various biaspired techniques for a more efficient selection proc8ssneof

the research efforts utilizingeuristic methodwiill be highlightedbelow.
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For example,n [26] the authorsise genetic algorihmsfrom the MATLAB optimization
toolbox striving to minimize both investment costs and operating & maintenance casts of
microgridsystem while minimizing the carbon emissions of a diesel generator

In [27] the authos proposeéwo competingalgorithmsto find the minimum cost of
energy The first is &0 agenetic algorithniike above while the second uses a Monte Carlo
algorithm In addition,bothalgorithmstry to optimize the margin of safety (MQS

In [28] the authors use a Particle &malgorithm to determine the optimal parameters
for the design of a microgrisiystemfor a remote area in Bangladesh.

In [29] and[30] the authors use a new gradi@ised Particle Swarm algorithjcalled
At uni cat eod stwdeterminathe@umtiun eguipment sizing fa micrayrid power
system

In [31] the authors develop an Ant Colodagorithm to optimize the size and
configuration of a stardlonemicrogridsystem consisting of wind, soldnel cells batteres
and diesefyenerators The authors conduct three case studies and compare their results with
results from competing GA algorithms.

In [32] the authors introduce a novel fuzibgic based optimization algorithm called
modified cuckoo search (MCSJt is a multiobjective algorithmdesignedo optimally size a
microgrid system to obtaitle lowest cost of energy aritdelowestprobability of loss of service.
The authors also compare MCS with other similar optimization algorithms.

In [33] the authors used a novel apach calledragonfly algorithm (DA) to perform
multi-objective optimization for designingnaicrogridsystem for a remote settlement in Egypt.
As in the previous exammethe authors also compare it with otkempetingalgorithms such

as NSGA and MODE.
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In [34], the author presents another method for optimizing the sizenafragrid system.
As before, the objective is to minimize the total cost of the sydietihe author uses a
HarmonySearch algorithm, which is an optimization technique inspigethbsical
improvisation, to find the optimal solutiol.he author then applies the proposed method to a
case study of an isolated island in Korea, and compares the results with other optimization
methods, such as genetic algorigend particle swarm optiizationalgorithms

There are quita fewmore references that could be includethis category but they all
seem to suffer from commomroblem. They are a#itrictly simulationbasedandrely on
hourly power consumption and poweroductiondata over a whole yeéor even the entire
lifetime of the projectjo determine the feasibilit& validity of found component combinations.
This results in an extremelgrgesearch space, requiring anormousvehead computaticai
load andrequiting the usage of special simulation and computational software tools such as
MATLAB .

In addition, nost of thepresentedpplicationsarehypothetical in nature and seem to
serve strictly as a validation tool for a noveredesigned analytical or meleeuristic
algorithm, without much concern about an actaalrogrid system design problem at hand.
Correspondingly, the system models are at best sketchy and incomplete, at worst inaccurate or
sometimes completely missinghe actual case stydlata is often hidden or omitted altogether,
making it impossible to test the algorithmstmre-create and reun the case studieg\nd even
in the rare occasions when all the information is present, it is still difficult tthesigorithms,
and adapt them for anothemgineeringproblem, because special software packagght be

required which are often expensive dmal not widely available outside of the academic world.
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In short,simulationbased optimization techniques usually result in a workable system,
but these approachesquire detailed system datag typically computationallyery expensive
have slow convergence rateseoftentoo specific to a particulgoroblem andarethereforeby
and large of very little value for making practical engineering decisions when designing
microgridsystems

Besides analytical and meteuristic algorithmstypically designed and tested for
individual case studies, there are also sewsfivare packages, soraeenof commercial
quality, specifically designed fonicrogrid powersystem optimizationSome examples are
HOMER, iIHOGA, RETScreen, Hybrid2, TRNSYS, INSELhefirst two (HOMER and
iIHOGA), are specificallydesigned to simulatend solvenicrogrid powersystemproblemsand
will be discussedn more detaibelow.

The most popular optimization software package is called HOMER (Hybrid Optimization
of Multiple Electric RenewablesHHOMER was originally developed in 1993 for the
Depatment of Energy (DOE) to help determine the tradeoffs of different energy production
configurations.Several years later it was made available to the general public and has been
steadily improved and adapted to new developments in the power industry.

Currently it is available as a free version called HOMER Q#liak, as well as 3 paid
packages called HomerPro for stealdne microgrids, HomerGrid for griied systems, and
HomerFront for large utiliyscale hybrid systemg35]

As an alternative tMATLAB / Simulink, HOMER software combines engineering
calculations and economics calculations in one simulation and optimization patkeaye.

simulate the performance of power systems and suggest optimal configuration choices.

According to HOMER Probés User Manlelrgnalt uses
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exhaustiveiterativesearch algorithm simulates all possible system configuratibhe.new

HOMER Optimizer uses @proprietary algorithm to search for the optimalstgm more

efficiently. [36]

To get startedhe user provides a range of input variables such as load demand, fuel cost,

various component costs, lifetime of the project, interest ratesTbtm he HOMER software

simulates, optimizes, and perfaiensitivity analysis for possible combinataf components

and sorts solutions according to optimization choices such as lifecycle cost or net present cost as

shown in the block diagram beld&7]:
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The results can be viewed in various formats, such as tables, charts, and maps, and can
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Figure 1.17. HOMER block diagram.
(Source: [3])
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also be exported to other applications. Below are typical output screens@iEtRifinishes

its calculations:
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Figure 1.18. HOMER output tree
(Source: [3])
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Figure 1.19. HOMER output table
(Source: [3])

In research circles HOMER seems to be quite popular for case studies and system
analyses. For exaple,[37] investigates the potential oficrogrid powersystemgo address
electricity access issues in Rwamvdaere 47% of the population still lacks access to the power
grid. The studyaspiredo identify the most suitable configuration to provide reliable and cost

effective electricity to ofigrid dwellers HOMER is used to simulate four (4) different
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configurations, with the conclusion that for Rwanda, a hydro/solar/battery combinatien is th
most costeffective solution.

Similarly, [38] explores the viability ofdifferent types ofnicrogrid powersystemdgor
supplying electricityemote aream India. Various conbinationsof renewable energy sources,
including solar, wind, diesel, biomaasdhydro,are analyzed in this prefeasibility study and
recommendations are mablased on HOMER simulations.

In [39], ways to achieve a zesanission electric power system thie Gran Canga by
2040 are exploredThe study uses HOMER to analyze six @jerent combinations of
photovoltaic (PV), offshore wind, pumping storage, and riEgteries to supplglectricenergy
to the island. The most economisalution is then presented, consistin@@00 MW of PV,

700 MW of offshore wind, 607 MW of pungiorage, and 2300 MW of battery capacity to
supply the necessagjectricpowerto the island

In [40], the feasibility of replacing diesbhsed power systemsth hybrid renewable
energy systems (HRE$8) remote areas of Northern Canada are examifed.study uses
HOMER to simulate and optimize different HRES configurations, including combinations of
photovoltaic, diesel generators, and battery storage systems. It determined tHaikesdtV
Battery conbinationwas the most effective, reducing fuel samption by up to 22% and
lowering the levelized cost of electricity compared to the existing diggglsystems.

More examples could be listbé@re but generalizations can already be mad@©MER
is quitea powerful, polishedsoftware packagespeciallyuseful for prefeasibility studies of large
microgrid powersystems While performingquitewell, HOMER has some limitationst is not
easilycustomizable for specific problerbecauseactual power demand datannotbe imported,

andtheuser can only use broadly defined user profiles. HOMERwlsce s i b kodess&
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the user does not have an easy way to dechekor verifyHOME RGO s ¢ a HOMERat i ons.

only performs singk®bjective function optimization, the smallest time frasé& hour, and the
algorithm is relatively slow, especially when performing sensitivity analysis.
Thesecondoptimizationsoftware packageonsidered in this dissertatiecalled
iIHOGA (Improved Hybrid Optimization by Genetic Algorithmit was developed by the
University of Zaragoza Spain. The functionality is quite similar to HOMER, but it also allows
multi-objective optimization and sensitivity analysis usjegetic algorithmsyith advertised
faster convergence times than HOMER.
Like HOMER, it is available in a paid version called PRO+, as well as a free educational
(EDU) version. Compared to HOMER, there are substantially more input parameters available,
but it has an extrenhecluttered feel and is natearlyas clear, focused, and well organized as

HOMER.

¥ Project: DMMHOGA ] mho - o x
Project  Dats  Caloulste Dats Base Beport Help
+ LOAD /ACGAID | GENERAL DATA | GPTIMIZATION | CONTROL STRATEGIES | FRANCIAL DATA | RESULTS CHART |

RESOURCES COMPOMENTS MIH. AND M&X. No COMPOMENTS I PARALLEL OPTIMIZATION PARAME TERS SELECTED BY:
SOLAR -] — —
% ¥ FY Gon Batesie i pacallet Min. [0 Hax [5 & HOGA  USER
‘WiHl —_— =
- P Wind Turbinas P gen. inpaaliet Min | M |30 M i, execution lime:
| = Wird T. i pacallet Min. [0 M. [15 0 KI5 mn Paserriers
COMPONENTS L R r — % Minimum e for the Genetic Algorths
o P/ GEN | ¥ Baiery bank
+ WD TURB
= EATTERIES W Irwestesleha Congtraint undar NP mendmizasion
_+ INVERTER/CHAR ™ M2 [F.C. - Elyzer.] Max Frvesimant cost (100 e
¥ Shosw disgram

W ater Pump in Losd /AT grd

Sevadation
Slepljen)  Silsion sluts

™ Bachup Gen L - o
[@ =] hou [0 dp[l morml

DCVokage[1 k¥ [ SOCA av
AL Vollags (20 KW
3
FRESENG | -"I\
Energy hotager [51 dags audon

™ Maes bt pavallel - Cin in ‘ *
™ Mese PV gor. pasaliel - P miny = @
™ Mawind T, paralel -» P mn 1 AC AC

I IventarCharger el .
|Bidirsctionsl [==] LL;::
inverter t . -1

Sensavity Anabssis |
Frobabilhy Annbesis B
__Boucwre | i
) REFORT See beut | [100 5 i E ool Ll

Figure 1.20. iIHOGA front panel
(Sourcef41))
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Similar to HOMER, here arealsoseveral research studies utilizing iIHOGRor
example, 41] presents a method for designinghecrogridenergy system for a small towear
Portland, Victoria, AustraliaThe study utilizes iIHOGA to determine the optimal configuration
of the system compents to ensurthatt he system meets the townos
The characteristics of the selected system are then analyzed and discussed.

In [42], IHOGA is used to select appropriatecombination ocomponents and
determine the optimum atrol strategy to ensure reliable operation at minimum foost
village in rural India.

In [43], the studyattemptgo minimize costs, enhance system reliability, and reduce
environmental impact of microgrid powersystem for an island in Columbidhestudy uses
the IHOGA simulation tool to model different scenarios and optimize system configsration

There are also several papers that compare and contrast HOMER and iHFOGA.
example, [44fompares the performancetb&two simulation toolsn designingmicrogrid
power systems Romania The paper reports thedOGA achieved a higher renewable energy
share (92%) compared to HOMER (81%id thathe cost of electricity was also lower for
iIHOGA ascompared to HOMER

Additional comparativestudies were conducted [#5]-[49], and he conclusions are
quite similar They report that theystems come up wittomparableesults but thatHOMER
comesup with slightlyhighercostof-energyestimats than iIHOGA But while iIHOGA allows
multi-objective optimizationandusually converges faster due to a more efficient algorithm, it is
much more complex and time consuming to install and run due to an antiquated licensing
mechanism and a cluttered user interfags.one paper [47put it i The differences between

the interface and practicality of each software is significant, since the time consumed to prepare a
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simulation in HOMER takes a couple of minutes, while the time consumed to develop an
equivalent simulation in IHOGA takea couple of hours.

To summarizecommercialkimulationsoftware toolsaremoreusefulin designing
practicalmicrogrid powersystemghananalytical orheuristicoptimizationapproaches
However, as mentioned earlier, some of them (e.g., IHOGA) are much too complex and cluttered
to be of practical usean engineer might need more titodearnthe intricacies of the software
package than it would take to figure out an optimal designdiypletrial-and-error approach.

In addition the software packages arftenquite restrictive (e.g., HOMER only allows
singleobjective optimization, with a minimum time step of 1 hour), are not easily customizable
(e.g. HOMER does not alloimportingreal demand datajave no straightforward way to-re
create or verify a solutiogsince the algorithms are unknown, ard quite slow in getting a
solution Lastly, they areftenquite expensive to purchassmd cumbersome to install and run

due to compleXcensing schemes

1.3 Objectivesand Goals d this Dissertation

To summarize the main points made in sectionthete ardrial-and-error, rule-of-
thumb, and simulation approaches that are used to dasijoptimizemicrogrid systemsBut
trial-anderrorapproaches are extremely tiroensuming, and do not guarantee that an optimal
solution will be found.Rule-of-thumb guidelines, if they are available, afientoo vague, and
may not provide a good solution toesific problem.

More scientific and repeatable is the simulatibased approach. Exhaustive search
optimization techniquetypically result in a workable system, but these approaches are

inefficient, computationally expensive aack characterized Isfow convergence rates.
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Metaheuristic (artificial intelligence) methods are usuadlgter and more efficient than
conventional methodsBut they arealsostrictly simulation basedndneedhourly power
consumption and power production data over a wihedor lifetimeto determine the feasibility
& validity of found component combination$his results in an extremelgrgesearch space,
requiring a large overhead computational load, and requiring the usage of special simulation and
computational softare tools such adATLAB .

In addition, nost of theexamplesusedarehypothetical in nature and seem to serve
strictly as a validation tool for a novel ordesigned analytical or mekeeuristic algorithm,
without much concerfor an actuamicrogridsysem design problem at han@orrespondingly,
the system models are at best sketchy and incomplete, at worst inaccurate or sometimes
completely missing.The actual case studies data is often hidden or omitted altogether, making it
impossible to test thegrithms, or recreate and reun the case studiegind even in the rare
occasions when all the information is present, it is still difficult to test the algorithms, and adapt
them for another problem, because special software packagesberequired vhich are often
expensive andlor not widely available outside of the academic world.

Commercial softwargimulationtoolslike HOMER andiHOGA aremoreusefulin
designing practicahicrogrid systemghananalytical or heuristioptimizationapproaches
However, some of them (e.g., IHOGA) are much too complex and cluttered to be of practical use
- an engineer might need more titodearnthe intricacies of the software package than it would
take to figure out an optimal desigg asimpletrial-anderror approach.

In addition,the software packages are quite restrictive (e.g., HOMER only allows-single
objective optimization, with a minimum time step of 1 hour), are not easily customfgeaile

HOMER does not allow impartg red demand datahave no straightforward way to-ceeate
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or verify a solutiorsince the algorithms are unknown, ard quite slow irobtaininga solution
Lastly, they areftenquite expensive to purchaaad cumbersome to install and mune to
complexlicensing schemes

Therefore seeing the need for practical methods and tools to help engineers design
efficientmicrogrid powersystemsthe overarching goal and objective of tresearclwas
improving existing and developing new optimizattonls andechniques

And the objective of this dissertation is to inform the readers about the progress made in
the research ared optimization and design of isolated microgrid systeamslto present unique

and novel solutions to the microgrid system desiggmma

1.4 Accomplishmentsand AchievementsPresented inthis Dissertation

In line with the goals and objectiveaitlined abovethis dissertatiorpresentshe
following accomplishments arathievements

1 Developed abrandnewmicrogrids y st em desi gn met hod cal l ed
Bal anced meThibmetod(isudRgly. different from all existing
approaches in that it does not attempt to mptsherquantities for edthour.
Instead, this method aims to achieve a balance between generated and consumed
energyover the course of a days a result, this method more efficientmuch
faster, more customizable, and in general more engineer friasdbmpared to any
otheravailablemicrogrid system design approaches, and it can operaa@yn

available computation platform
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1 Developed Bw and revised models and equationadcuratelydetermine the amount
of daily energy that can be generat®dgenerators, solganelsand wind power
systems.

1 Developed ewmodels anekquations taleterminehedaily battery capacity
requirements based on the daily average power and peak power consumption, as well
as the daily average energy generation capability of diffenerbgrid sources.

1 Adaptedtwo optimization algorithms, th@eneralized Reduced Gradi¢®RG) and
a genetic algorithm (GAJ}o determine the optimum combination of components that
minimize cost and maximize reliabilitf isolated microgrid power systems

1 Employedunique multiobjective optimization operateto enable tailang of the
optimization results according to the preferences of the user.

1 Extensively tested and verified the developed models and equations wiiFereal
production data of already operational wind and solar power systems.

1 Designed and optimized (with the n®&B method small, medium, largand
communitysizedisolatedmicrogrid systems using relile power demand data.

1 Compared and benchmarked the resulting configurationscertfigurations
determined by HOMERIn all caseshe newDEB method outperformed HOMER,
obtaining more reasonable solutions which were ¢testly, more reliable, and also
moreenvironmentallyfriendly, hereby confirming the validity of Hnewmethod as

well asi t sGperiority to competing approaches.

1.5 Organization of this Dissertation

Thedissertation is organized as follsw
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1 Chapter 2 introduces, describes, amablelstechnical parameters that are relevant to
the optimization ofmicrogridsystems In particular, power demand of different tygpe
of customersandthe power generating and energy storage ability of various hybrid
system components are explained and quantified via equagemsralof the
equations araew andderived explicitly for the purpose of this dissertatidine
most important equations arerified with data from existing redife power systems.
Also, the reliability of variousnicrogridsystem components discussed in this
chapter.

1 Chapter 3 introduces, describes, amtlelseconomic parameters that are relevant to
the optimization ofnicrogridsystems In particular, the Net Present Cost (NPC) of
variousmicrogrid system components is determined, and equations for calculating
them are presentedilso discussed isevelizedCost ofEnergy (LCOE)which is of
utmost importance when aptizing microgrid systems Equationsto compute LCOE
arepresented and discussed.

1 Chapter £ontainsa survey of some commiyrusedoptimization techniques,
including various mathematical approaches as well as malg@ngng approaches,
for singleobjective, as well as muknbjective problemsSome of the most
commonly used techniques in each category are described, and-psdedp
flowcharts, and illustrations are used to explain each technique.

1 Chapter Sntroduceghe novelDaily Energy Balance (DEB) methddr designing
and optimizing isolatechicrogrid powersystems First, the principle of operation of

the method is discusse@hen the input parameters are presented, along with the
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eguations necessary for the proper apen of this methodThe chapter also
containsadetailed problem formulation for this desigrethod.

1 In chapter 6, the DEB method is tested and verifigifferent types omicrogrid
systemsof varying size and withvaryingpower demand profiles, adesigned with
the DEB method All solutions are verified with the kWbunting procedure to
ensure viabilityof each solution The solutions are also compared to designs by

HOMER. Conclusions and suggestions for future work are made.

1.6 Summary of Chapter 1

Chapter 1 introducedifferent types ofmicrogrid systemsdescribed several common
applications fomicrogridsystemsand stated the dilemma of designing an efficmicrogrid
system. Current design approachiesthis areavere described vialiterature survey, the
objectives and goalsf thisresearch and thdissertatiorwere stated, and the achievements and
accomplishmentsef this dissertation were presentddstly, the organization of this dissertation

was explained.
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Chapter2-Mat he matoidd aomTge c hni c al Par amet

Mi cr oQyrmit @ ms

In general, mthematical modeling is a process of developing mathematical equations
that describe the behavior and performance of a certain systdhis chapter, some of the most
important technical grameters will be introduced, and equations will be derived and tested that
describe the interaction of various components in a microgrid systeparticular, power
demand of different types of customers, and the power generating and energy statagé abil
various hybrid system componemisl be explained and quantified via equations. Several of the
equations are new angerederived explicitly for the purpose of thissearch The most
important equationwill be verified with data from existingeatlife microgrid power systems.

Also, the reliability of various microgrid system componenitsbe discussed in this chapter.

2.1 Power Demand

The electric power demand is the amount of elepigerthat is needed or requested by
theloadat a given time Electric power demand is usually measured in watts (W) or kilowatts
(kW) for small systems, and in megawatts (MW) or gigawatts (GW) for large or very large
systems.

Electric power demand @ne ofthe most important parametdosconsidemwhen
designing an electric power systeifhe system must always balance the supply and demand of
electricity to ensure reliability, stability, and efficiendy.the demand exceeds the supply, it
could result irblackouts or brownoutslf the supply exceeds the demand, it could result in

inefficient operation and wasted energy resources.
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One of the biggest challenges when optimiangelectriqpower system is to predict the
demand.lt is typically highly variale, and depends on the type of customer, the time otliay,
seasontheweatherthelocation, etc.

All customers can be grouped into three major growpsidential, commercial, and
industrial and the power demand of different types of customerss#nroughout the day
depending on the activities and habits of the custontesexample, residential customers tend
to usequite a bitmore electricity in the morning and evening when they are at hmomgared
to alow demand at nightCommercial cusomershave a distinct increase in demahding
business hours, while industrial custontggscally have a mostly uniform demand around the
clock.

The power demand also varies with the seasons depending on the weather and
temperature For example, resghtial and commercial customers tend to use more electricity in
the summer for cooling and in the winter for heating, while industrial customers might use more
electricity in the winter for lighting.

The power demand also varies with location and theahilily and cost o€lectricity
and otheenergy sourceskor examplein areas with no easy accesqatural gascustomers
use more electricity for heatindn regions withlow electricity costpowerhungry industries

might cluster andirive up the @mand50].

2.1.1 Load Profiles

To visualizepower demand;harts calledoad profiles are use® showhow the electric

power demand varies over time, such as by hour, by day, or by séesdiscussed above,
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different types of customers have different load profiles, which need to be considered when
optimizing amicrogridsystem.

Below are some typicaksidential, commercial and industrial demand profiles:
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Figure 2.1. A typical load profile for residential customers
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Figure 2.2. A typical load profile for commercial customers
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Figure 2.3. A typical load profile for industrial customers

As discussed earlier, residential customers tend to have a pronounced increase in demand
during the morning hars as well as in the evening when people are at h@ommercial
customers have a distinct increase in demand during business hours, while industrial customers
typically have a mostly uniform demand around the clock.

A community load profile is typicallga combination of all 3 types of customers, with
pronounced but relatively consistent increases in the morninggaidater in the afternooand

evening, ad a substantiatlip at nigh{51]-[53].
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Figure 2.4. A typical load profile of a community
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2.1.2 PeakDemand
Load profiles are useful for visualizing peak demand and average defaageak
demand is the highest amount of electric power consumed at any giverittisnasually
specified over a time frame, e.g. daily, monthly, seasonal or yearly.
0 i A@ o
Peak demand quantifies the power system's capacity, as it indicates the maximum amount

of electricity the system mube able tsupply at any given time.

2.1.3 Average Demand

The average demand is the aggregated amount of electricity used per unit of time.
P A
= Q

0 ~ noQo

The average demand reflects the overall energy consumption and efficiency of the system

or the customer, as it indicates how muclcteieity is used over a period of time.

2.1.4 The Load Factor

The ratio ofaverage demahoverpeak demand is called thead factor whichquantifies
how well a system, or a customatilizes the available capacity.

~
5

S U
Usw@owoa—d— primp

A higher load factor means a preferable constant and stable demand, while a lower load

factor means a more variable demand wyftically higher peak demands4].
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2.2 Power Output of Microgrid SystemComponents

The output of a power systemthe amount of electricity that the system can produce and
deliver to the loadlt is usually measured in watts (W) or kilowatts (kW) for srsakle
systems, and in megawatts (MW) or gigawatts (GW) for faage systems.

The power output of a conventional magmd system is relatively constant with some
daily and seasonal variation corresponding to variation in power derknvdever, the power
output of amicrogridcan vary greatly depending on the type and configuration of the system, as
well as the availability and variability of the different energy sousce$ asolarpanelsand
wind turbines.

The power output of microgridsystem is hard to predict, bititan be estimated by
using mathematical modedsid equationthatdescribe théehavior and interaction of each
component and/or the storage system under different scenbrithe following section, the
power output of individuainicrogrid system componés will be discussed in more detahd

equations will be derived and tested

2.2.1 Power Output of Engine Generators

The power output of internal combustion engine generators depends on several factors
such as thsize of the engine, the type of fuel, the number of cylinders, the compression ratio,
andthe efficiency. They come in sizes ranging from a few kW to low MW.

The power output of internal combustion engine generators is easily controllable and can
be variel, depending on the load, between 0 and 100% of its rated \abveever, br

efficiency reasons thgeneratoshould beoperatedetween 50% and 80% of its rated capacity

[55].
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2.2.2 Power Output of Solar Panels
The power output of solar panels is highériable and depends on several factors, such
as the location, the time of day, the weather conditions, the orientation and tilt of the panels, and
the efficiency of the system components.
The most crucial factor that affects the output of a solar pautied solar irradiance,
which is the amount of solar energy that reaches a given area per unit oSbtaeirradiance
varies by location, time of day, season, and latitu@enerally, solar irradiance is higher near

the equator and lower near thegmland higher at noon and lower in the morning and evening

Global Horizontal Solar Irradiance ;
National Solar Radiation Database Physical Solar Model .
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Figure 2.5. The average daily irradiance map of the US
(Source [56])

The second most important factor affecting the output of palaelss the area subjected

to irradiance.For example, according to the Global Solar AtE4,[the daily average solar
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irradiance in Salina, KS, is about 5.0 kWRA/day. This means thatroaverage, each square
meter of surface receives 5.0 kWh of solar energy per @ayonvert this value to average
power,it is divided by 24 hours obtaining approximately 208 V¥lnour. However, this value
varies greathydepending on the time of day at weather conditiong-or example, according
to Solcast$g], the estimated solar irradiance in Salina on September 28, &02oon was
about 800 W/rA This is much higher than the average value because the sun was shining
brightly and directly ovdread.

The last factothatinfluences the power output of a solar system is the efficiency of the
solar paned, i.e. the ratio ofjenerated electric power over tnailable solapower The
efficiency of most commercial solar panels is 17% to 2&%9,[which meanshatat most only
20% of the solar energy that reaches the paneaistisllyconverted into electricity.

In addition, there aralsosystem losses such as shading, dust, wiring resistance,
temperature, inverter efficieigs etc., that reduce the performancesblar systemaA typical
value for system losses18 % - 30 %[60], which means tt typicalsystem efficiency is
between70and90 %

To summarize the discussion above, the power output of a solar system oampliéed
with the following equation:

0io @ 6 -
wherel is the solar irradiance measured in watts per square metef\Wis the area of the
solar panelsin fp  apaislithecefficiency of theolarpanel.

If instead of an area, a solaanel with rated powd?r is given, theactualpower output

of the panetan be calculated with the following equation:

5 \ O "Q‘)
v . ™
Oi ow
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wherel(t) is the actual irradiation at time t, angdis the irradiation at the standard test
condition (STC) equal to 1,000 WAn  aspid thedefficiency of the solar system.

If it is desired to model a solar systevhile alsoconsidering the effects of the ambient
temperature, then the following equation can be used:

5 N 5N 'G) | uY\ uYr By T
) . (6] I O W
Ol ow P

whereUr is the temperature coefficient, T(t) is the ambient temperature, @dsThe
temperature at the standard test condition (S¥I@gh isequalto 25°C.

Besides equationtherearealsonl i ne t ool s such as 6NRELOS
which consides quite detailed information such as panel orientation, tilt angle, shading,

temperature coefficients, etto get a fairly accurate estimate of how much elepiivera solar

system can producd a given location and time period

2.2.3 Power Output of Wind Turbines
Similar to solar power, the power output of a wind turbiredsshighly variable and
depends on several factors, such as the wind speed, the air density, the sweep area of the blades,
and the efficiency of thevind turbine.
The wind speed the most crucial factor that affects the output power of a wind turbine.
The available wind power is directly proportional to the cube of the wind sdesl means that
if the wind speed doubles, the available wind power increases eightfold.
However theactualoutput power of a wind turbine is not necessarily directly
proportional to the cube of the wind speé&ftlind turbines do not produce any power when the
wind speed is too low or too high for them to operdtee cut-in speed is the minimum wind

speed required for a wind turbine to start generating power, adttbat speed is the
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maximum wind speed beyomhich a wind turbine will shut down to prevent damage.
According to [62], he cutin speed is typically around 3 to 5 m/s, and theotutspeed is around

25 m/s for most wind turbines
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Figure 2.6. A typical wind turbine power output vs wind speed plot.

The wind speed is a highly variable asftenunpredictable parametef.o determine
current wind speedsr any place on the planetarious apps can be used, for exanjpi.
There are also various p&that show average wisgeedlatafor different regions and
countries. Some of thenare created by the National Renewable Energy Laboratory (NREL), a
U.S. Department of Energy research laboratory that focuses on renewable energy and energy
efficiency. NREL wind maps illustrate the average wind speeds at various heights above the
surfacelevelThey are derived from NRELO6s Wind Integi
Toolkit, which is a collection of meteorological and power data for more than 126,09hsite

North America Below is one of the maps generated by NREL.
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Figure 2.7. The annual average wind speednap ofthe US
(Source: [64])

The second most important factor that affects the output power of a wind turbine is the
size and shape of the blad&he available wind power output is directly proportional to its

sweep areawhichdepends on the construction of the turbine as showreifigures below
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Figure 2.8. Wind turbine area calculations illustration
(Source: [65])

The power output of a wind turbine also depends on the air density, which is the mass of
air per unit volume.The higher the air density, the more mass of air hits the turbine blades per
second, and the more kinetic energy is transferred to the turbingestandard value of air
density at sea level and 25°C is 1.225 kg/m3, but it varnigstemperature, pressure, and

humidity of the air as seen in the figure below
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Figure 2.9. Air density vstemperature and air pressureplots
(Source: [66])
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Lastly, the output power ofwaind turbine also depends on the efficiency of the turbine,
which varies with different wind speeds and other factors, such as friction, turbulence, and blade
design. The efficiency of a turbine is not constant but has a range of wind speeds where it is
highest, and it decreases when the wind speed is too low or too high.

The Betz limit of efficiency is the maximum theoretical efficiency that a wind turbine can
achieve. It wasproposed by Albert Betz, a German physicist, in 1909 Betz limit states that
no wind turbine can capture more than 59.3% of the kinetic eléthg wind. Intuitively this
makes senséecause if the turbine extracted all the energy from the whiedyind speed
behind the turbine would be zero, and no more wind could flow through the tuilthieeefore,
there must be some pressure left behind the turbine for the wind to keep moving.

The Betz limit caralsobe derived from the conservation of masslithe momentum of
the air stream flowing through an idealized actuator disk that represents the asrbira@vn in

the figure below:

Ambient pressure 1, L

Turbine disc !/ ’
Stream tube passing N A _
through the turbine. . f\lr{f - u,—
5 g - 'IJ_ ‘_I“]
l v ‘Pl PE
A

Figure 2.10. Idealized actuator disc representing a windurbine
(Source: [67])
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The actuator disk is assumed to have no drag or thickness and reduces the wind speed and

pressure uniformly across its aréghe power output of this turbine is equal to the force exerted

onthe disk by the wind speed at the digihe turbine's efficiency is equal to the power output

divided by the power available in the winli can be shown that the maximum efficiency occurs

when the wind speed behind the disk is-tmed of the wind speed before the diskhe

efficiency at ths point is 16/27, or 59.3%This is the Betz limit of efficiency.
The Betz limit is a theoretical upper bound for any wind turbine, regardless of its design

or type. However,as already mentionethere are other factors that lower the efficiency of a

wind turbine, such as friction, turbulence, blade design, and operating conditloms$ypical

efficiency of modern wind turbines ranges from 35% to 4&%how in the figure below:
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Figure 2.11. Efficienciesof turbines with different blade designs
(Source: [68])
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To summarize the discussion above, to calculatéhtiareticapower output of a wind
turbine, the following equation can be u$é€]:
oo 26 " b5 0o
C
whereCri s t he ef f i ciietheaiydensity e+, A is the seveep grea pf

the turbine ind , andv is the wind speed in—
However, this assumes that the rated power is the maximum achievable power for an
ideal turbine. In realitythe power output oivind turbiness nortlinear, andonly pars of the

power curve exhibit cubic properties.

To determine the actual wind turbipewer output, many sources, e.g0JF[73], suggest

a simple linear interpolation according to the following equation:
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Some sources, e.¢74], suggest a me complex, exponential interpolation without

specifying what exponent should be used:
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Some other sources, e.@5], suggest a quadratic interpadat,
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while other sources, e.g/q], use a basic cubic interpolation,
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and several other sources, efy]{[79], use a much more complex version of the same cubic

relationship.
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To verify which of the equatisgives the best approximation, the actual power curve of
several wind turbines along with the results of calculations with different power equations were

plotted. First, thepower curveof asmall (:tkW) wind turbinewas ploted utilizing data from

[80].9

— Actual power curve Linear interpolation

—— Quadratic interpolation Cubic interpolation
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Figure 2.12. The power curve and results of approximations for a 1kW wind turbine
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For this turbineit is clear that the linear as well as quadratic interpolation do wetagi
good approximation. Insteatthe best approximatios the cubic interpolationFor further

verification, a power curve for a Bergey Excel 10 wind turbiuséng data fronj81], was

plotted.
— Actual power curve Linear interpolation
Quadratic interpolation Cubic interpolation
14
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5 4
o 8
=
© 6
[}
z 4
o
2
0
0 15

Wind speeéo(m/s)

Figure 2.13. The power curve and results of approximations for a 2&W wind turbine

It appears that for this turbine, the cubic interpolaticssthe best fit. Note that the?
cubic equationsesuled inthe same&umbersin fadt, they are the same equation in a different
form. Furthermore, also note that the following simplified equation also results in a good

approximation for low wind spes@nd will be used with the neldEB method:

Besides equations fairly accurate estimate of how much power a wind power system

can producean be obtained witvind turbine calculata for example 2.
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2.2.4 Power Output of Batteries

Rechargeable batteries are unique componentsiicragridsystem in that they can be a
load (receiving power) as well as a source (supplying power), depending on the needs of the
system at any given time.

In either case the power input & output dfattery is governed by the equation:

0 0 o ™

whereV is the voltage of the battery system, and | is the current supplied or delivered by the
battery.

Theoretically, the power output of a battery can be very large asteritime frame; in
practice there are limitations associated with the maximum charge / discharge current ratings
which limit the amount of power that can be absorbed or provided by aybatter

This power delivering or absorbing capabil
rating, o[83defined as

61 2

o
wheret is the length of time that the battery can be completely charged or discharged safely.

Another way to represent the same idea is with the following eq&ddn

.. O
Ol =
|

A

whereQr is the rated energy capacifthe battery in Ah, antis the charge / discharge current.

For example, if a 10@\h battery has a € rating it can provide 10@ for 1 hour. A
battery with the same capacity twith a — 0 rating could provide only B over 20 hours,

while the smecapacitybattery with a 1@ rating could provide 1008 for 6 minutes.
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Different types of batteries have different C ratingstule of thumb is LiFePO4
batteries have a limit of 0.:5C, while leaeacid batteries have a limit of GQL3C[85].

To summarize the discussion above, the power supplied (or used) by batteries is governed
by the following equation:

0 0 wo Ui 0Oi

whereV is the voltage of the battery system, &rds therated capacity of the battery, and Cr is
thebatt emtngd s C

Besides equations, the power supplied (or consumed) by the battedgabe estimated

by using battery calculatqgrior examplg 86] or [87].

2.3 Energy Output of Microgrid SystemComponents

Electric energy supplied by a power systis closely related to the power generated.

Specifically, it is equal to the power generated over a period of time.
006 0 0Q0o

In the conventional electrical power industry, the time period is typically 1 hour, and the
energy is measured in kWHiowever, for anicrogrid system, the power output is often
cyclical, so frequently the relevant energy quantity is kWh per day, per month, per season, or per
year. For thisresearchthe energyer dayis of utmost importance and will be primarily
constdered here.
2.3.1 Energy Generatedby Engine Generators

The energy output of an internal combustion generatugkdy flexible and could range
from zero to its maximurdaily output of

O Gow 0 CTQ i
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In practice the energy produced by the generator is usually lessl] atiter
optimizationmethodscalculatethe produced energs the sum of the power delivered during

each hour of the day
0 QO 0 Q

As mentioned beforepf efficiencyreasons it is desirable to run the generat80a80%
of its rated power, and turn it adihd use alternatiygowersourcesn times of low demandSo
the DEB methodises a differenéquationwhere the rustime of the generator is also an
optimizable peameter:

0 QO U ™ YO 'YQdQ

2.3.2 Energy Generatedby Solar Panels
As already discussed in sectioR.2, the power output of a solar power system is
cyclical throughout the day with a distinct peak during the noon handshe power generated
during each hour can memputed using irradiation data
Vi CQ & -
Most other optimization methsdise either the equation above, or an alternative equation

also introduced in section 2.2nhich useghe rated power cfolar panels
5o 5N 'U’Q
VIl o—— . =
Oi 0w
The total energy produced by solar panels is then calculated as a summation of the power

generated during each haafrthe day

0 QHW 0 Q
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However theseequations require that the irradiatidata for each hour kwown In
addition, asalreadydiscussegdsummatiorcalculations are computationally expensive and-time
consuming.

The DEB method uses a much more efficient method to calculate the amount of energy
generatedby solar panelduringtheday by utilizingthe concept of peagunrhours(PSH) A
peaksunhour is defined as one hour in which the intensity of solar irradiance reaches an
average of RW of energy per square me{@8]. The following illustration shows the idea

behind tls concept

1360W/m?2
£ (127.8W/ft?)
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1000W/m?
(92.9W/ft2)
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N Peak Sun Hour
1000W/m? P Ay
(92.9W/ft2) [ — — R -

Ny
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Figure 2.14. Peaksun-hour illustration
(Source: 89])

The number of peakunhours isdeterminedy integrating the solar irradiance over a
period of time (usually a day), then dividing it by #tandard test condition (ST@jadiance of

1,000W/m?:
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The number of peakunhours varies by location, weather condition, aeadson.To
obtain an estimate of how many peakthours a certain location receives, various sources
could be usedFor example, theraretables[89] andmaps[90] that show the peakunhours

for aspecific geographic location.

Figure 2.15. Winter peak-sun-hours map ofthe US
(Source: 90])

There are also several calculators where ysegdhours for a specific locatiotan be

estimated usingistoricaldatg e.g.in [91] and P2]. Usingthesecalculatos, it can be
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determinedhattheyearlyaverage peakunhoursfor Salina, KSareapproximatelys.33 hours

per day
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Figure 2.16. Monthly peak-sun-hours chart for Salina, KS
(Source92])

Usingthe number of peakunhours for a specific location, the approximate energy

output of a solar panel with a rated power outputtbanbe calculateas follows:

oiQoe b 0 "Y'O-

where a typical system efficiencyysm b — wTt P

To employ this equation for tHREB optimization method, it was critical to verify that

the equation above is a reasonable approximafionverify it, first a 915N portable solar

generator with an émated efficiency of 80% was usetlsing the equation above, the expected

power generated per day in the month of October in Salina, KS, is:

DIiQOW wpd LR VR | ™Y 0 Y TEOQ

The actuapower produced was oniyarginally(3 Watt9 less

0iQO® PTTE "DHQEA OO O 'QdF YorariQ

58



For further verificationa fully functionalsolar systenon K-State Salind s ¢ avasp u s
used, which consistsf 74 CanadiatSolar 325W groundmounted solar panels with a total

nominal outpupowerrating of abait 24 kW.
The output of the solar system can be monitorea ik [93], andthe energy

production per day, per month, per year, or per lifetime can be monitored, recorded and plotted

as shownn the figure below

32
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| I
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Figure 2.17. Energy production chartforK-St at e Sal i nads sol ar s

Note that in 2017 and 2022, the system was operationahly part of the year, but the
energy production for fulhpperational years, 2013821, averaged abo87 MWh. Using the
average PSH of 5.33 and an efficiency of 80%, the predicted energy output of the solar system
is:

DIiOQMI ¢TQ®W VB SR | coumd 0 oL e
Again, thre predicted energy productiagnvery close to the actuptoductionnumbes

(within 1%), confirming the validity of thBSHbased rergy equation.
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2.3.3 EnergyGenerated by Wind Turbines

The energy production of a wind power systerals®a function ofpower generatedver
a period of time.The period could be an hgar day a week, or a montlout as discussed
section 2.3, the wind speed is highly variable and difficult to prediear example, below is a
plot of the average wind speed in mifgs-hour for Salina, KSfor a specific dayJune 15

2024, accordng to [94]:
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Figure 2.18. Hourly wind speed averagechart for Salina, KS, on June 15, 2024

Other optimization methodsse the hourly wind speed averagesdlzulate the
generated energy per day by accuating the generated power for each hour uamgof the
power equations presented in seco?.3, e.g.

W

C

0 QW 0Q

But as discussealready this equation requires detailed wind speeds over the course of a
day. In addition, this method again requieegensive and timeonsumingcalculations.For the
DEB method, itvasmoredesirable to calculate the generated energy basddilgn monthlyor
even yearlyaveragevind speed, which areavailable from different sourcegor example,
below is a plot of the average daily wind speed in rpleshour for Salina, KSfor a whole

month June of 202} with the peak wind speeds (gusts) also gind®5]:
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Figure 2.19. Daily wind speed averages chart for Salina, KS, in June 2024
(Source: 95])

There are also tables, plots, or maps that give the expected monthly or yearly average
wind speeds.For example, according to [96], the monthly average wind speed in June 2024 for

Salina, KS, was between 5 andhés.

Mational Ceniers for Meters per Second
Environmental Informagion

Figure 2.20. Monthly average wind speed map of the US for June 2024
(Source: 96])

However, the generated energy cannot be directlyputedrom the average wind

speed.For examplegiven a wind turbine with a nominal (rated) outpul®kW @ 12m/s(27
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mph), if the windhas aconstanivind speed of 5 m/s (11.2 mph) fa day, the expected energy

output of the wind turbinper daywould be:

vari

ST CTQ i p XQWIQ

0O QMW p Mw

However, if the wind speed is zero for the first 12 hours of the day, then 10 m/s (22.4
mphi double the speed abgver therest of the day, thretheaverage speed per day is still 5

m/s, yet the energy output per day is four times as much:

p 1O T

0 QMG QG -
ww p w o &T

PCR i ¢

The conclusion is that commonly used wind energy generation equations are orlly usefu
when the wind speed is constant during a specific pienesd However, thevind speeds
usuallynot constantsothe estimated energy is significantly less than the actual energy
produced.

A large body of work in thisesearclwas dondrying to detemine an equation
describingthe relationship between average wind speed and the expected energy Togput.
closest approximation determining the expected energy production of wind tysbmesywas
found to be:

0O QM c O ®
e ¢ 0 = QT

Again, this is a critical equation for the DEB method, arthd to be verified before it
could beusedfor microgrid design and optimizatiomhereforethe equation abowsas verified
with two separate wind power systems. The first wasltkiV wind turbine already presented
in section 2.2.3. ltis rated 1 kW @ 8 rf88]. According to the equation abovaygn a 5 m/s

average wind speed in Salina, KS, the expected energy production per year is:
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This number closely aligns with the expected energy production according to the data
sheefof the turbing4,450 kWh per year at 5 m/onfirming the validity of the wind energy
equation

The second test was performed with a-kgaild 10-kW Bergey Excel wind turbine that
is located on KState Salin@ sampus.According to the windurbine specification found in

[81], the expected yearly output of the turbine is:

va fi
p @i

0 QO ¢ UBQ® WX ¢gri ptp 1 RAQ
Using historical data available &7], the actual output of the turbine for the years

20182022 wasas follows:

Table 2-1. Yearly production data of the K-State Salirm 6 s wi nd tur bi ne

Year 2022 2021 2020 2019 2018 Average
Output (kWh) ~ 15564 14018 13996 14703 13500 1435€

Again, theactualaveragesnergy output of the wind turbinevsry close \ithin 2 %) of
the predictechumbercalculated via thevind energy equatigrfurther confirming the validity of

the equation.

2.3.4 Energy Stored in Batteries
As already discussediorage systegarea critical component in a miagdd because it
allows peakshaving and loateveling. However, batteries amésosome of the more expensive
parts of a microgrid, so all optimization approaches atteogelectthe appropriatesize- not

too big and not too smallof the batterypankto minimize costs. In this section, first the battery
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sizing approaches used by other optimization methods will be discussed, followed by aggproach

used by the DEB method

2.3.4.1Battery Capacity and State-of-Charge (SoQ Equations

The maximum amount of energy that can be stored in batteries is a product of its output

voltage and its rated capacity Q (measured in Ah) according to the following equation:
O A ® 0
As the battery is charged or discharged, the energy availatblebattery at time
tis equal to:
00 wo 00
Instead of capacit@(t), usually the undess term called stataf-charge $0Q is used

i w00
YE B
0

So that the energy available in a batteay becalculated according to the following
eqguation:
00 wo VYeEd O
Most aher optimization methodssethe equationaboveto determine theequired
battery capacity for proper operation of the isolateckogrid. First, for each hour the SoC is
estimated, for example with the direct measurement method:

YEQD YE A aQ Q Q

!
C||

Then the energy stored in the battery is compatefbllows:
OE oQ YE&Q 0

If the stored energy is less th&we required energy for a particular hour, i.e.
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then G is increasedintil the energy demand is met

2.3.4.2 Stateof-Charge (SoC)Estimation M ethods
Besides beingnefficient, the biggest problem with theboveapproach is that is quite
difficult to accurately determine the state of charge of a batiesaltime like one could
measure th#uid level in agastank Whole dissertationand books$ave been written on this
slbjectalready. But snce tis subject is extremely importafior simulatiorrbasedmicrogrid
design methodghis sectionwill present somef the morecommonSoC estimatiompproaches
The different methods for staté-charge estimation can be broadlgssified intathree
categoriess suggested i98]: directmeasurement method, modelsed methodnddata

driven methodasseen in thefigure below

SoC estimation
methods

i

Direct-measurement Model-based method
method

Figure 2.21. SoC estimation methodslassification

l

Data-driven method

The directmeasurement method is the simplest and most accurate way to estimate the
capacity of a batterylt is often called the Coulomtounting methd, and itworks by measuring
the total amount of current that flows in and out oftihttery during a complete cyclé&s

alreadybriefly introduced aboveht equationfor the direct measurement method is:
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whereSoCis the initial state of charga timeto, QraTeniS the nominal capacity; is charging
efficiency of the battery, ang) is the current at time

Thenext SoC estimatiomethod called the modebased methodgelies on mathematical
models that describe the battery behavior and dynanhioste areguite a few models, such as
kinetic models, electrochemical models, equivalent circuit models, analytical metdd139]
Only :ome of the moreommonly usednodels will be discussadore indepthin this section

One of the most populanodelsis thekinetic battery model (KiBaM)According to this
model eery battery has two tanks of charge: one that is available for immediate use, and one

that is bound and needs time to transfer to the availableaarghiown inhefigure below:

1-c C

h,

h

k :
% /N |lt)

bound charge available charge

Figure 2.22. Kinetic Battery Model illustration
(Source[100)

In this model, a fraction of the total capacit@ is in the available charge tankyand

the remaining fractiod  Tis incthe bound charge tank:)y The available charge tank supplies
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current directly to the loaidt); the bounecharge tank supplies charges only to the avaHdable

charge tank.

The excess charge flows from the bound charge tank to the available eamrtfa@dugh
a valve with a fixed conductanke The rate at which charge flows between the tanks depends
on the potential difference (height) between the two tanks.

The heights in the two tanks can be determined by the following equftats

v~ 3 w

Qo -

W

w
Qo —=
P W

The rate of change of charges in the two tanks is governed by the system of equations:

o W QQ 0
Qo
o o0 Q
Qo

with initial conditonsU m A #,andU m p A #

A simplification can be performed v@ordinate transformation:

resulting in the following differential equations:
Qr
Qo

Q] W .
QO

Q

with initial conditiong Tt #,and m T,andQ ——

67



With a constant curremtrain|, the equations above ctrenbe solved (with Laplace
transforms) as follow
) W W o0 0 0o

Op Q

10 Q Q o 5 o

The KiBaM modelis one of the mogbopularmodelsbecause itaptures some important
features of batteries, such as the-@tpacityeffect and theecoveryeffect. The ratecapacity
effect means that the battery capacity decreases when the discharge current intheases.
recovery effect means that the battery voltagkeincrease after the load is disconnected, as
additionalbound chargebecome availableThe KiBaMis also popular becausecdn be used
to model different types of batteries, such as-iad, lithiumion, or nickelmetal hydride.

There are other modglfor examplehte equivalent circuit modelvhich uses ideal
resistors, capacitors, current and voltage sources to repcesepleximpedance, current, power
and voltagse in the battery Onecanthenestimate the battery capacity gilving the simplifed
equivalent circuit of the battery.

Another model, calleche electrochemical modeheasureshe internakthemical and
electricalparameters of the battery, suchcaacentration, potential, and temperature, and
estimates the battery capacity by sodvses of differential equationghat represent the
conservation laws of mass, charge, and energy.

The analytical model estimatthe battery capacity by deriving some analytical
expressionsndequationghat relate the battery capacity to some measuvabiables, such as
voltage, current, or state of chaid®?.

Thelast SoC estimation method, called teadriven methoduses machine learning or

statistical techniques to learn the relationship between the battery capacity and some features
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extractel from the measured data, such as terminal voltage, current, temperature, internal
resistance, etcThis methodcan estimate the battery capacity without requiring a specific battery
model, butt need a large amount of data for training and validatiod enay nowork well for
different operating conditions differentbattery types.

To visualize the datdriven methodobservethe plot belowthatshows the relationship
between battery voltage and theC3or an LFP battery This data came stored in tables and
then be used to train algorithms to accurately predict tlkkeb&@eed on measuréattery

voltages
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State of charge (%)

Figure 2.23. SoS vs voltage plot
(Source: 103))

There are differertraining andearning algorithmsFor example, the deep transfer
learning method can estimate the battery capacity by using partial segments of
charging/discharging data, which aféeneasier to obtain than full cycleé& convolutional

neural network (CNN) is used extract the features and a fully connected network (FCN) is
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used to estimate the capacifijhe CNN and FCN are trained part of thesource data and then
fine-tunedwith the rest of the da{d 04].

Anotherlearningmethodis called theelectrochemical impedance spectroscopy (EIB)
is based on the measurement of the battery impedance at different frequenciessfletishthe
internal states of the batterfhe EIS datas then used as inputs for machine learning models,
such as @ussian process regression (GPR), support vector ma¢Bvi), or neural networks
(NNs), to predict the battery capacjty05.

There aragjuite a fewadditionalmethod suchasicl oud char gi[l9@g dat a me
Avi sual c¢ o @[id7t diffefientiantbermalosatammetryne t h a0d,cetc.[All
methods basicallyneasuréatteryparametersuch as terminal voltage, current, temperature,
state of charge, etc., during different charging and discharging proc@$sgghen usevarious

classification and aggregation appro&ashtoestimate theemainingbattery capacity

2.3.43 IEEE Battery Sizing Methods andStandards

Besides SoC approaeh which are very computationally intensitteere are other
published methodwith reduced complexity whicban beusedto determine the proper size of
batteries. Unfortunately, tee methodspply onlyindirectly to the microgrid design dilemma
because they are medatbe used onljor designng batterybackup systems

For example, there is tHEEE 485standard that applicable fosizing batteries for
short duration, higtturrent applications, such asinterruptiblepowersupplies UPS for data
centers, hospitals, etc., wikre¢he maximundischarge curremight significantlyexceedhe

average discharge current.
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Thesuggestegrocedure is to divide the power demand into pigse constant load

sectionsas shown in the diagram below
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Figure 2.24. Diagram of a battery duty-cycle
(Source:109)
For each section, the required capacity is determaniédthe following equation:

Q

C
(@}
o

The discharge factd is calculated as follows:

.. 0 00
Q —
O O

whereQnomis nominal capacity of the battery, afdis the available current during section

Theseparameters are usually given by battery manufacturers intables

Table 2-2. Battery capacity and discharge parametes
(Source: 109)

Hours Minutes
[Discharge time 24 | 12 | 10 | 8 | 7 | 6 | 5 | 4 | 3 | 2 | 1]3 |15 |
Discharge current [A] 51 | 93 | 11 | 13 | 14 | 16 | 18 | 22 | 27 | 37 | 58 94 | 133 |
Capacity [Ah] 122 112 110 | 104 98 96 90 88 81 74 58 47 33.3
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Using this tablgfor a battery with a®-hour nominal capacity of 104 Alf a section

requires 100 A for 2 hours, then:

- naoQ
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oo

& PR

And the required capacityould then beequal to:

0 6 Q pmdt PR ¢ YHpQ

The totalunadjustedapacity is the sum of all section capacititsneeds to be adjusted
for temperaturé& age, as well asa small safety (design) margieeds to badded to théotal
required capacity.

Anotherstandard is calletEEE 1013andis applicable for longeduration, lower current
applications, when the maximum discharge current is not much greater than the average
discharge currentThis standard imostly applicable to ofigrid applicatios, where a certain
number of autonomy days are desired whemput power is available. The standard lists
several sample applicatiorfey examplekeepinga remote communication statipowered for

several daysvithout any other source of power
12 —

10 — ‘
s Transmit

LOAD, Amperes

o Receive
Tl I I My aStandby

0 | ! I I I |

0 4 8 12 16 20 24

TIME, Hours

Figure 2.25. Load profile of a communication station
(Source: 110)
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The design procedure is similar to IEEE 4&5rst, the expected daily loaohcluding
momentary and also running currents, along the duration of each loatamed in a table
Based on this data, the unadjusted capacity is calculated by multiplyinguatgilyour
requirementdy the number of desired autonomy dayis capacity is tén adjusted for
different battery characteristics and operating conditions

For the examplelot above thetotal unadjusted capaci@r can be calculated as follew

0 0 O p@OQ

0 0 O pPpROQ pOOWIC PFQ

This capady thenneeds to be adjusted for deqathdischarggDoD), which refers
tothedegreethad batt eryds capacity has Iltliseypicallyus ed
expressed as a percentage, where 0% indicates no discharge (fully charged) andlit@®8s in
complete discharge (fully depleted).

Themaximumdepthof-discharge 1DoD) refers to the deepest level to which a battery
can be discharged without causing damage or significantly reducing its lifeEpafDoD
depends on the battery chemistry and is usually given by batseryfacturersTo ensure
longevity, the DoD for flooded lead acid battersouldtypically not exceed0%,with 80% for
AGM and Gel batteries, and 90% for LFP batteries.

So for the exampl above, given an AGM battery with a MDoD of 80%, the required
battery capacity would be:

G ONQ
T

oo WwQ
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Besides IEEE guidelinesthersimplified guidelinesare alsavailable for examplen
[11]]. According to this guidelinghe minimumrequiredbatterycapacitycanbe calculatedby

usingthe following approximations for leaakid batteries:

. 0 o
8O @ Of O

or the following approximation fdithium-ion batteries:

.. 00
0¢ 0

Using these equation® power a 150 W& 12V load for 4 hours, theequired flooded
leadbattery capacityvould be

PR T
T8i¢ 1 T

However, f a lithium batterywith aMDoD of 80%is usedthen thesame load cahe

CA
o

= PT QQ

poweredwith only a62.5Ah battery.

2.3.44 Battery Sizing Equations for the DEB Method

But as already mentionethe methodslescribedn the sectiorabove ar@nly designed
for batterybackup applications, and amot reallyhelpful for designing a microgrid system with
variable hybrid power sourcesTherefore alternate methods and equations were develfgped
the daily energy balance (DEB) methodietermine theorrectamount of storage capacity
which isnecessary fothe proper operation of a microgrid.

The most accurate rttedfound wasa kW-counting procedureThe basic idea is that
for a microgrid to function properlyhe minimumrequiredenergystoragecapacity of the

batterybank needs to matdhe difference between the generatedl consumegdowerfor each
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time frane. To illustrate the kWwecounting procedure, observe the example power demand plot

below.

Generator output Battery output Solar output =——Power demand
25

20
15

10

Power (kW)

-10
Time (hrs)

Figure 2.26. lllustration of the kW -counting procedure

For the first 5 hours, the difference between consumedwgrlied energy is negative,
meaning that there is a surplus of energy available-tbaege the battery. During the evening
hours, the difference is positive, meaning that the battery is now delivering power to the load and
is being dischargedThe battery capacity needs to be sized so that it is able to absorb the

positive as well as the negative demand, and caletaeminedas follows:

~ ~ ~ ~
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In an optimally designedystem, the charging and discharging energy demand is exactly

the samend can be calculated as follaw
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For the example aboveglin) and E (out) are both exactly 67 kWh. This number still
needs to be quisted for the MDoD of the battery to determine the total daily storage capacity.
The kW-counting proceduresimilar to theSoC estimation methods discussedlier,
still requires detailed power demand and power generation data, and is atseffarientand
computationally expensive approacHowever, it will be used in chapter 6 to verify the validity
of the obtainedolutions

But for designingand optimizingan isolatedmicrogrid with the DEB methqdh novel
battery sizingapproach is proposedBea@use exact power demand parameters are often
unknown, this approach estimates tadly battery capacity requiremenbaseanly onthedaily
averageand peak poweldemandas well as the daily average energy generatigability of
variousmicrogridsources.

If the generator supplieonstanpower that exceeds the average demand, the battery

capacity for supplying loatkveling energy can be approximately computed dsvisl

. 0 0
O Qd® 0 — Yo ¢ YQaQ

However if the generator isupplyingonly the averagdemandthe required battery

capacityfor peakshavingenergycan beapproximatéy determinedas follows:
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which simplifies to:
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Ca

O Quw
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Similarly, if the entireenergydemandEpay is covered by solar energyhich is only

available during the daljght hours of the daythe required battery capacitgn be

approximatelydetermineds follows:
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If less than the entire demand is covered by solar energittibattey demand is
derated byheEs/ Epay factorand can be computeds follows:
..., O (0] (0]
O Quww — —— —
C O C
Wind energy idypically fairly constant over the course of the day and decsd¢lase

overallbattery requirement by a derating factar of

00 "O_
@]

To combine the equations abgyke total batteryequiremenbf amicrogrid system can

be approximately determined with the followilngearequation:
oRse 5 5 o 2 p 2
C @]

The linear equation was verified in chapter 6, and proved a passable approximation.
However the actual battery requirements amlinear. For exampleusing the kWcounting
procedurethe followingplots were obtained thathow the battery capacity nigigements for

various combinations of wind, solar, and generator pdevea system with #otal energy

requirement of 300 kWh
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Figure 2.27. Daily battery capacity requirement plots for various power soure
combinations

Various curve fitting procedures were performiéd smallestootmeansquareeerror

(RMSE)was achieved with quadratic approximation with the following equation:

C

. O O

O Qww v cpna).o—n&‘o T[&D—T[&"O
Both the linear approximation and the quadratic approximatiene extensively tested

and compared with results fraitme kW-counting procedurin chapter 6confirming the validity

of the derivedapproximations

2.3.5 Combined Energy Output of Microgrid Systems
To determinghe levelized cost of energy (s&ection3.5), it is necessary to computeet
total combinedenergy generated by all componeafts& microgridsystemover the lifespan of a

project The equation ias follows[112]:
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2.4 The Reliability of Microgrid Systems

In addition to power generatirand storageapabilities, the reliability of theicrogrid
system is often an additional technical parameter that an engineer might be tasked to optimize.
The reliability of amicrogridsystem can be quantified by various indices, which are used
to measure thavailability and quality of the power supetl to the customers or load8elow,
someof the common reliability indices fanicrogrid systemswill be introduced, along with

different types of uncertainties and ways to deal with tfiEL§].

2.4.1 Microgrid System Reliability Indices
Loss of load expectgtlOLE) is the total number of hours for which timécrogrid
system is unable to provide the load with the requested poiies factor accumulates the
number of hours that the hybrid system cannot supply the required power to the loads during the

total time period.The LOLE is computeds follows:

DOODO o o

Loss of load probabilityt. OLP) is the ratio of the number of hours for which the
microgridsystem was unable to provide the load with the requested power divided by the total

number of hours in the time period.

0 Q 9000
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Level of autonomyLA) is the perentage of time that the power supply is available to
the customers over a given time period.

B o N N ow o

00 p o

Expected energy not suppli@EENS)is obtained by multiplying the average power

demand by the total number of outage timernvdls.
oGY 0 Q 0000

Finally, loss of power supply probabili)PSP)is the ratio of energy not supplied

divided by the total energy supplied.

Thegoal of manymicrogrid optimization algorithms is to mimize the LPSP

24.2 PowerDemand Uncertainties

To minimize LPSP, it is imperative to ensure that the available power and energy is
greaterthanor equal to the power demand of the loads for each time interval, i.e.

OO Vo UL O L O U o

But as alreadydiscussed in sectionZ.the power demand is typically highly varialds,
it depends on many factors, such as weather, economic acivitypnsumer behavior.

Onepossibleway todeal withelectric power demand uncertainty is to use probabilistic
forecasting methods, which estimate the probability distribution of future demand based on
historical dataand the likelihood ofinusualkevents Anotherapproach is callefiscenario

analysi®, which constructs a set of plausible future demand trajectories based on different
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assumptions and narrativesich as the growth of electric vehicisagethe increase in
distributed generationhe expansion and reliability of transmission and distributietavorks,
and thancreasedntegration of renewable energy sources.

Probabilistic forecasting and scenario analysis can be used in a complementary way to
guantify electric power demand uncertainty. Probabilistic forecasting can provide more precise
and casistent estimates of demand uncertainty in the short to medium term, while scenario
analysis can provide more flexible and comprehensive insights into demand uncertainty in the

long term[114].

2.4.3 PowerSupply Uncertainties
As discussed earlién this chapterthepowersuppled from renewable energy sources
such as wind and solarhighly variableand comes with a high degree of uncertairi@glow,
someof the individual uncertaintiesnd methods to deal withemwill be discussed in more
detail.
Photo voltaic uncertainty is the degree of variability and unpredictability in the output of
PV systems.To deal with this uncertainty?V resource forecasting usel. It involves
collecting andanalyzingmeteorological data as well bsstoricaldatato predict solar irradiance
and PV output One of the most important tools for PV resource forecasting are satellite images
that trackcloud movements and thickness. There are also ground mounted instruments such as
cameras, LIDARs and ceilometers thédwa to estimate cloud height and densifyhere are
also satisticalmethods and algorithms that are trained \igtoricaldata,andwhich allowthe

identification ofpatternsn the pasand makng predictionsfor the futurg115.
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Another source of Y power productioruncertaintyis thevariability related to the
degradation rate of solar paneld/hile all solar panels experience the degradation effect, the
guality of materials used in PV modukggnificantly affects their longevity. Additional fexs
like temperature, humidity, and UV radiation can also accelerate or slow down the degradation
rateof PV modules.Therearemultiple methodologies that are used to forecast PV degradation
rates such as Linear Regression (LR), Seasonal DecompoAititmnegressive Integrated
Moving Average (ARIMA), and Robust Principal Component Analysis (RPTAH [

There araalsoseverakoftware programs artdols specificallydesigned to predict the
power output of solar panel&or example, Solcast is a company that specializes in providing
solar resource assessment and forecasting @aey use a combination of weather satellites,
computer vision, historical data, antdine learningalgorithmsto deliverquiteaccurate solar
irradiance and PV power forecasp to 14 daysn advancd117].

Another tool is XweatherXweathermrovides forecasts for wind and solar energy, with
advertised rates of up to 95% accuracy for kahead forecasts and 92% for eyead
forecasts. It accomplishthis by analyzingover 25 years of historical weather dataypled
with reattime weathemonitoring and dilizing Al and machine learninglgorithmsto provide
accurate forecastd1§.

Similarto solar power, there @soa high degree of uncertainty in the output of wind
turbines. To deal with this uncertainty, variouwsnd resource assemenimethods can be used
which estimate the uncertainty in wind eneppgentialover a period of time.

The wind speed distribution is a statistical description of how often different wind speeds
occur at a given locationAs discussed earlier, thisa$ utmost importancéor estimating the

wind energy potentialThe time series method uses historical or simulated wind speed data to
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calculate the frequency of occurrence of different wind speed intervals (bims)irequency
can be converted to agirability or a relative frequency by dividing it by the total number of
wind measurementslhe wind speed distribution can be plotted as a histogram or a curve,
showing the probability or relative frequency of each wind speed bin.

The statistical analysimethodthenuses a mathematical function to fit the wind speed
data and approximate the wind speed distributione of the most commonly used functions is
the Weibull distribution, which has two parameteifse scale parameteC) and the shape
paramegr (K). The scale parameter is a measure of the characteristic wind speed of the
distribution, and the shape parameter specifies the variability and shape of the distriblo¢ion.
Weibull distribution can be derived from the wind speed data using vametieds, such as the

method of moments, the maximum likelihood method, or the WAsP mgtiéy [120].
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Figure 2.28. Examples of Weibull distribution functions.
(Source: [19))

Wind resourcassessmemhethodsare notalwaysaccurate, as they involve uncertainties

and assumptions in the data collection and analystsording to[121], the wind speed estimate
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should be considered to be accurate to within onlyl8-to 15%of what the actualinds at a
locationmay be, and any energy estimate generayadsing the wind maps should be
considered to baccurate to only/- 20%.

Just like solar power forecasting, there are atftware tools foestimating the power
production of wind turbinesWind data toolsuch asVindographef122], and WINDExchange
[123 are used to analyze and validate wind data, such as wind speed, direction, and turbulence.
Modeling toolssuch asSOWFA[124], and FLORIF125 are used to model wind turbine

performance, energy output, and economic viability of wind preject

2.5 Summary of Chapter 2

Chapter 2 introduced, described, and explained technical parameters that are relevant to
the optimization ofmicrogridsystems In particularthe power demandf different type of
customersthe powergeneratingability of generators, sotgpanels and wind turbines; and the
storage capability of various batterigsre explained and quantified via equations. Some of
these equatiorsre new andlerived explicitly for the purpose of thissearchand were
extensively tested with data fromakevorld microgid power systemsAlso, the reliability of

variousmicrogridsystem components were discussed in this chapter.
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Chapter3-Mat he mamoideali ng of Ecohomic

Mi cr oQyrmit @ ms

When optimizing amicrogridsystem, often some of the most important goals are
economic in natura,e.,the designer is concerned with minimizing the cost of the sysEame
of themostrelevant economic parameters oh&rogridsystemare the Net Present Value
(NPV), Net PresenCost (NPC), and thieevelized cost of energy (LCOEYhese parameters

will be discussed in this chapter in greater detail.

3.1 Net Present Valug(NPV) and the Discount Rate

In generalthe Net Present Value (NPV) is the sum of discounted benefits minus the sum
of discounted costslt considers the time value of money, which means that money received or

spent in the future is worth less than money received or spent today. It is exteumnsiekiy

finance and accounting for determining the value of a business, investment, project, venture, etc.

[126,[127]. To compute NPV the following equation can be ud&t8f
v o Ot WEAQ OOANQET Qi ~u . .
e o 1 0t QOOwd
whereYmaxis the duration of the project in years, arid the discount rate.

Thediscount ratas the interest rate used to discount future cash flows of an investment
or project to their present valu&here are two main types of discount rates that are commonly
used in financethe Fed Funds Rate and the rate of return.

TheFed Funds Ratis the discount rate that the Federal Reserve charges commercial

banks and other financial institutions for shiemm loans.It is a monetary policy tool that
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controlsthe supply of money andfluencesthe economy.The Fed sets this rate independently
and adjusts it according to the economic conditions.

The second type of discount ratehich istypically the rae that isused to calculate the
net present value (NPV) of an investment or project, is also often called the required rate of
return, the hurdle rate, or tieest of capital It represents the minimum return that an investor or
a company expects to edrom an investment or project, given its risk and opportunity cost.
The discount rate for NPV can be derived from the weighted average cost of capital (WACC),
the cost of equity, or the cost of debt, depending on the source of financing and the perspectiv

of return
3.2 Net Present Cost (NPC)

Again, in general e ret present cost (NPC) is a variation of net present value (NPV)
and is used to evaluate the total cost of a project or investment over its lifétimsimilar to
NPV but is typically used the discounted sum of costs exceeds the discounted sum of benefits.
It is calculated as followd29]:

506 O 06D b ‘Odahi'Qé i Qi "(;)é :I)s aQ

For microgrid powersystemsthe Net PresentCost (NPC)is the total cost of installing
and operating theicrogridsystem over its lifetime, discounted to the present vaNRC
includes initial acquisitoncosb f each component, the repl aceme
expectancy is less than the project lifetime period, fuel costs if applicable, operation and
maintenance costand the potential for soniecomeif the used equipmerdan be solét the

end ofthe projedd s tiind. A lewer NPC indicates a more economical system.

Below, the NPC of individuahicrogrid system components will be discussed.
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3.2.1 NPCof Internal Combustion Engine Generators

The most commotypes of generatofer microgridsystensare diesel, natural gas, and
propane generator®iesel generators aprobablythe mosttommontype of industrial
generatas, asthey are known for their power, durability, and efficiend@hey are generally
reliable and easy to maintain and rep&lowever, they tend to be large, noisy, and produce a lot
of emissions.

Natural gas generators use liquified petroleum gas for flsty are less expensive and
quieter than diesgjenerators andurnfuel more cleanly.They have a comparable life
expetancy;however, they tend tbavehigher maintenanceeedghan diesel generators.

Natural gas is also highly explosive, so the fuel stored on site can present more of a fire hazard.

Propane generators ainilar tonatural gas generators but liseified propane as fuel.
Propane is more readily available than natural gas in some areas, and it can be stored in tanks for
longer periods of timeHowever,propane generatoese more expensive to run than natural gas
generators, and they require ménexquent fuel refills.

The initial cost of an industrigieneratoprimarily depends on the type of generator, the
size of the generator, the installation expenses, and additional features sohcaattenuation,
autostart capabilities anchonitoring @pabiliies According to [B(Q], the current initial costs
for industrial generators ruretween $30&$550 per kW

The life expectancy of an industrial generator depends on several factors, such as the
type, size, brand, quality, maintenance, and upagernsof the unit. Generally, an industrial
generator can lagbr 20,000 to 40,000 hours of use, equating to approximately 20 to 25 years of
operation if used intermittenthdB1]. However,some generators may last longer or shorter than

the average fiespan depending on how often the generat@s used, how well ivas
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maintained, anth what environmental conditionswasoperate. Once replacement is
necessary he replacement casbf a generatoareusuallyslightly less than the initial purchas
pricebecausé¢he infrastructure (concrete pad, electrimahnectiorequipment, etc.) is already in
place For the purpose of this dissertatitime same price range, $38850 per kWwill be used

The cost of maintaining an industrial generaisodepends on several factors, such as
the type, size, brand, quality, age, and ussdternof the unit. According to [B2], the average
annual maintenance cost for a diesel generator is arals@f@& air-cooled generators up to 20
kW, $350 for liquid-cooled generators up to 60 kWL 150 forlargegenerators up tb50 kW.
According to [B3], the average annual maintenance cost for a naturalrgaspaneyenerator
are slightly less$600 for aircooled generators up to 20 k750 for liquidcooled up to 60
kW, and $950 for liquid cooled generators up to 150 kW

But by far the biggeséxpense of running dandustrial generataaire thefuel costs. The
fuel consumption of an industrial generatoofitenestimated using a fuel consumption chart that
shows the approximate amount of fuel needed to power a generator based on its size and load.
For example, according ta34] and[135], a 10Qkilowatt (kW) diesel generator usabout 2.6
gallons per houggal/hr) at 25% load, 4.1 gal/hr at 50% load, 5.8 gal/hr at 75% load, and 7.4
gal/hr at 100% load.

Another way to estimate the fuel consumption of an industrial generator isfieelise
consumption calculatemwhere the kilowatt rating and load percentafjthe generator is entered
and an estimated fuel consumption rate in gallons per hour or liters per hour iskpven.
example, according to one calculatd8§], which estimate thefuel consumption of diesel as
well as naturabas powered generatoes100kW diesel generator running at 50% load would

use about 4.28 gal/hr or 16.2 liters per hour.
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For the purpose of thigsearchit was necessary to be able to compute the fuel
consumption via an equatiohe fuel consumption is typically somewhatdar and can be

approximated witta linearslopeintercept equation as shown on the diagram below.
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Figure 3.1. A typical fuel consumption dart of a diesel generator

The fuel consumption at any instamian then be calculatedth the following equation:
0® |0 1 00

wherePris the rated poweP(t) the output of the generator attmpe and U and b ar e
coefficients on the consumption curvéortheexam | e abov e, U ilrsstead of0 1 2 8,
gallons per hour, the fuel consumptiorresquentlymeasured imetric units- liters per hour.
The correspondingoefficientswould then be obtained by multiplyirthe numbers abowsith
the gallonto-liter conversiorfactor of 3.785, resulting ib= 0.0484, =0.227.

However, several sources, e.g. [137B4]L without any justification are usirig=

0.0845 =10.246,while other sources recommenther numbers, e.gJ= 0.05, =.25.

However, usingeither ofthese numbers, the resulting fuel consunmptibsome generators, in
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particularlow-kW with low power utilization, appeared to be questionable, necessitating
verification.

To verify, theconsumption data df4 generators wh different power ratingé4 to 300
kW) and from different sources39]-[142] were analyzed for thisessearchand the resulting

andb vs generator size in kWere plotted
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Figure 3.2. U-parameter vs kW illustration
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Figure 3.3. -parameter vs kW illustration

From these plots it is evident tHat 4 84® . 0 @6is& re@sor@ble approximation
only for generators with a rated poweoand 10 kW, whildd & 5,0 . b0 2%is adreagbnable
approximatioronly for generatorsiith a rated power around 1@0V. But in generalJdisplays
logarithmic tendencies as seen on the plot, with a much larger value feWayeneratorgas
compared tdigh-kW generators. Then fdx, a better approximation across the board appears to
be 0.23, but again for lok\W generatathe number is larger, closer to 0.3, while for Righ
generator® is smaller.

If the cost of the fuel at timieis Cf (t), then the cost to run the generatper year is:

00 Qao@i o 6 06 v O

To summarizehe cost factors of generators which weiscusse@bove the NPC ofan

engine generataran be computeds follows:
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y = years
r = discount rate = 6%
InitialCost = $300550 / kW
Repl aceCos txReéplaceTimes al Co st
ReplaceTimes = ProjectLifetime / GeneratorLifetime

O&M = operation and maintenance costs = $6800 / year

06 Qa d@i o 6 0 U O

C= cost of fuel & $1/
@ =quantity of fuel
D O |0 I 00

U=0.0881 0.14 =@.237 0.3

3.2.2 NPCof Solar Power Systems
The initial cost for solar power systems depends on the size, quality, and efficiency of the
panels, as well as the labor and equipment required for install&@marding to data from

several sourcethe average residential solar panel system cost &3qer watt in 203 [143],

The industry standard for the lifespan of solar panels-B@2gears.That doesnot
solar panel will stop producing electricity after 25 yéarather, its power output decreases over

time. According to a studjrom the National Renewable Energy Laboratory (NREL), the
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average yearly degradation rat@pgproximately0.50% across all solar panelBhat means the
solar output is still about 89% of its original output after 25 yelatS|[ Sofor a project lifespan
of 20 years, only a limited number of panels will have to be replacedhen@dreusually
covered by warrantyHowever, other parts of the solar system, notably inverters, need to be
replaced every 10 to 15 years, at an averageaf $1,000 to $2,000 per inverter per k¥44q).

Solar panels are generally lamaintenance and durable, but they may need occasional
cleaning, monitoring, and servicing to ensure optimal performa®ome components also need
to be replaced over timsuch as inverteras discussed abov@he cost of maintenance and
repairs can vary depending on the quality of the system, the warranty coverage, and the
availability of service providersA typical maintenance cost for a residential solar system is
abaut $150 to $300 per yeat46|.

Considering these factodescribed abovehe NPC of solar power systsigan be
computedas follows:
2ADI AAA) T GA OGARHIEED o
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InitialCost s & $3, 000 / kW
Repl acelnverterCost & $2,000 /
ReplaceTimes = ProjectLifetime / InverterLifetime

O&M = operation and maintenance costs = $1300 / year

3.2.3 NPCof Wind Power Systems

The initial cost oinstallinga wind poweturbine agairdepend®n many factors,

primarily thetype,size and locatiorof the turbine.According [L47), the initial cost of a small
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wind turbine (less than 100 kW) is between $3,000 and $8,000 per rated kilowatt (kW) of
electricity-producing capacity, whillarger wind turbines (in the megeatt range) cost between
$1,300 and $2,200 per rated kilowatt (kW).

A wind turbine's lifespan depesdn the designmanufacturingyuality, maintenance
scheduleandthe operatinggnvironment of the turbineAccording to[148], the average life
span of a wind turbine is about 20 to 25 yehusthey are unlikely to last much longer than this
average lifespan due to the extreme loads they are subjectedie event thaaturbine hato
be replaced, the replacemenstoan be budgeted as 2/3 of the initial sbstcauseven though
the tower isstill available thetakedown andnstallation cosbf the turbineare high.

The peration& Maintenanceosts of a windurbineincludeadministrative and
monitoring costs, reventiveand correctivenaintenanceosts forinspections, lubrication,
cleaning, troubleshootingnddiagnosticsas well as site maintenanc&ccording to NREL
[149, the average O&M costs for lafiwhsed utilityscale wind projects in 2019 were
$48/kWlyr, while the average O&M costs for offshore wind projects in 2019 were $133/kW/yr.
The same report also estimated the average O&M costs for residential wind projects in 2019 at
$0.12/kWh, and the average O&M costs for commercial wind projects in 2GD0&/k\Wh.

Considering the factodescribed abovehe NPC of wind power systecan be
computedas follows:
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|l nitial Costs & $8,000 / kWwW
Repl aceCost & $5,000 / kW

ReplaceTimes = ProjectLifetime / TurbineLifetime
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O&M = operation and maintenance costs = $50 / kW / year

3.2.4 NPCof Battery Storage Systems

The NPC of battery systestargely dependsn the type of batteriesSome of the most
commonlyusedtypes of batteries aflooded, AGM, and Gel leadcid batteriesas well as
NMC andLFP batteries. Below iashortdiscussioron the advantages and disadvantagekeof
different types of batteries, as wellthgir characteristics and tgal costs

Leadacid batteriesre the oldest amstill the most widely used rechargeable batteries in
the world. They are affordable, reliable, easy to recyaled are commonlysedas starup
power sources imehicles,asbackup powesourceain uninterruptible power supplieandmost
recentlyfor storing power iroff-grid applications.However, they have low power and energy
density, short cycle life, and high maintenanosts They also suffer from setfischarge and
sulfationproblemg15Q.

Lithium-ion batteries in general are lightweight and efficient batteries widely used in
consumer electronics anahost recently irelectric vehicles.They have high power and energy
density, long cycle life, and fast charging and discharging rdtiesy also have loar
maintenanceosts However, they are relatively expensive, prone to oveirtgeand
degradationare unstableand require complex battery management systems.

A NMC (Nickel Manganese Cobalt) batges asubsebf lithium-ion batteires The
cathode is made from a combination of nickel, manganese, and cobalt odmesode is
made from graphite, and the electrolyte is a lithium salt dissolved in an organic sdl\@t.
batteries are widely used in electric vehicles, portable electrguuosgr toolsand energy

storage systems due to their high energy density andajhetperformance characteristictich

95



as high cell voltage, fast charging times and long lifecyelewever, NMC batteries are quite
expensive due to rare materials such as nickel, manganese, and glitiaky. these materials

also leads to significant negatiwepact on the environment.astly, they are not as stable as
LFP baterieswhich are discussed nex51].

LFP batteries arenathersubset of lithiurAon batteries that use lithium iron phosphate
(LiFePO4) as the cathode materiaF-P batteries are merstable and less prone to overheating,
fire, orthermal runawayexplosior) than other lithiurdon batteries LFP batteries are also
cheaper than other lithiion batteriesbecauséron as a cathode material is much more
abundant and inexpensive compareddbalt or nickel LFP batteries also have lower operation
and maintenance costs due to their longer lifespan and higher effifiérigy[152].

Unfortunately, LFP batterieslsohave lower energy density and voltage than other
lithium-ion batteries.This means that they can store less energy per unit of weight or volume
and deliver less power per unit of chardéis can limit their applications in higberformance
or longrange applications that requifegherenergy and poweatensity Below is a table that
summarizes some of the key properties of different types of battebigs [1

Table 3-1. Comparison of different battery technologies
Flooded AGM NMC LFP

Round trip efficiency (%) 80 88 65 98
Cycle Life @ 80% DoD 300 500 8,000 6,000
Off-grid life (years) 1 1.4 21.9 16.4

Energy Throughput (MWh) 1.9 3.5 41.6 a7
Installation Cost ($/10kWh) 1,200 2,200 18,000 6,900

Lifetime Cost ($/kWh) 0.74 0.57 0.19 0.14
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The initial costof battery systemicludes the cost of the baites plusmodules, racks,
inverters, wiring, and other hardwar€he exact cost of wholeattery storageystens was
difficult to assess becausdifferentsources include or excludiE#ferentcomponents.

But some generalizationsuld be made.The cost of a leadcid, or LFP battery storage
system for a home can range fro808 to $5,000[154], while the cost of a utiliyscale battery
storage system caamge from $143/kWh to $750/kWh55. The cost of a deep cycle lead acid
battery per kwWh can range from5YkWh to $$00kWh, while the cost foa lithium-ion battery
can range from300kWh to $L000kWh.

For a complete system the following generalizagioan be made $8]: it currently
costsbetween $250 an®b00 per kWh to install a leaadcid storage syster$i750 to $1,00(per
kWh to install an LFP storage syste#i,000- $1,500 for an NMC storage system.

To determine replacement coststimatingthe life span of the batteries is of utmost
importance. According to 8l7], leadacid batteries have a lfgan of about 1,500
charge/discharge cycles, and last between 3 and 5 \daPsand NMCbatteries can handle
7,000 or more cycles, which translatesl0-15 years of useful lifl58]. When their
performance decreases below an acceptable level they need to be raptacest obetween %2
and % of the initial costs

To determine peration and maintenance gt is important to note thatddacid
batteriesare higler maintenancéhan lithium batteriedue to inspection, water taygf and
electrolyte level adjustment, apériodicequalization chargingCorrespondinglyit costs about
$50/year/kW to maintain leaakid batteriesbut onlyabout half as muclt$g5/year/kW to

maintain LFPor NMC batteries.
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Considering the factomdescribed abovehe NPC ofa battery storaggystemcan be

computedas follows:

2ADT AABA#D Qe 0o ®E T O
p
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I ni t i al5@@bkeVvh ($eaddcid)$$L,000 (LFP)
Re pl ac e30®km(leadaci®), 00 kW (LFP)
ReplaceTimes = ProjectLifetime / BatteryLifetime

O&M = operation and maintenance costs = $850 / kwh / year

3.3 Levelized Cost of Energy (LCOE)

In general, he levelized cost of energy (LCOE)tigetotal cost of building and operating
an energygenerating asset per unit of total electricity generatedtbedifetime of the project
It can also be seen as the minimum price at which the electricity generated by the asset must be
sold to break evenLCOE depends on several factors, such as the type of energy source, the
location, the size, the lifespan of the project, the capital costs, the operating costs, the fuel costs
(if applicable), and the discount rateCOE can be used to compdhe costeffectivenes®f
different energygenerating technologies, such as wind, solar, nuclear, etc.

As discussed earliehe¢ combined or total NPC farmicrogrid systemcan be calculated

as the sum ahecoss of all individual components

~

YOO O 00 Q

Thetotal combinedenergy generated by all componeoite microgrid systemover the

lifespan of a projeatan be computeds follows:
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LCOE canthenbecalculated by dividing # present value of the total cost over the
lifetime of the project by the sum of all electric energy generated over the lifetime of the project,

as illustrated in the followinfjgure:

Energy System ‘I
| -

T Site
“‘;‘ \ x $$9 Annual Characteristics/
Expenses I $ Resources
Initial Costs ($25)
Including Financing
($100)
L [ Annual
Annual Cost Per Year Energy Production
($125) (1000 kWh)
$ | LCOE |4
($/MWh)
$125/1000)
$0.125/kWh

Figure 3.4. LCOE concept illustration.
(Source: [B9))

To summarize the discussion abolV€OE is one of the primary factors that needs to be
minimized inamicrogrid system andcan be computed according to the following equation
[160]:

.y ,QA B OO OQ
vovlasa BoO W
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3.4 Summary of Chapter 3

Chapter 3 introduced, described, and explained economic parameters that are relevant to
the optimization oficrogridsystems In particular, the Net Present Cost (NPC) of various
microgridsystem components were determined, and equations for calculating them were
presented. Also shown was the equatioriLfarelizedCost ofEnergy (LCOE) which is of

outmost importance for thdesign andptimization ofmicrogrid powersystems

100



Chapter4-Sur vey of Optimizati on

As discussed earlieh@ main goal of thisesearchs to optimize anicrogrid system
There are many optimization techniques for minimizing or maximizifugetion, applicable
depending on the type of function, the number of variables, the constraints, and the desired
accuracy and speedh this chapter, some of these techniques will be introduced and described.
In general pptimization techniquesan be drided into mathematical optimization
techniques and machitearning techniquesSome of the most common techniques in each of
these categoriesill be discussed in the following subsectipfa singleobjective, as well as

multi-objective problems.

4.1 Mathematical Optimization Techniques

Mathematical optimization techniques can be further subdivided into iterative
optimization and probabilistic optimizati¢h61].

Below, some of thanathematical optimizatiomethods will be discussed in more detail.

4.1.1 Iterative Methods

The iterative optimization method is trying to find the best solution to a problem by
starting from an initial guess and repeatedly improtmegsolutionuntil a desired level of
optimais reachedlterative methods are often used for problems that are too complex or large to
solve directly, such as nonlinear equations, linear systems with many variables, or optimization

problems with constraints. Some examples of iterative optimizatethods are gradient

descent , Newt ondés method and various versions
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t he po

Gradient descent is a method that iteratively moves in the direction of the steepest
of

J t he di

n

descent of the function, until a local minimum is reachedtarts at an itial point xo, and
U irection

moves a distance with the step z e
negative (minimization problem) gradient. The update equatias fisllows:

W W | Qw
The figure below shows the principdé operation of a basic gradient descaligorithm:

A
Initial

Weight

Incremental
Step \
Minimum Cost

Weight

Derivative of Cost

Figure 4.1. Gradient descem algorithm illustration
Source: [62]

A gradient descent is quiggmple to implementbut it only worksf the derivative of the
objectivefunction is obtainable. Depending on the size of the sitepsy also beslow to

converge omightget stuck in a suboptimal local minimum.
gihe firstandithe sesoadorderderivatives (Hessian matjiof the

Newt onds
objective functiorto find the maxima or minima @function Like thebasic gradient descert

starts with an initial point. Then the first and second derivative of the function at thiggint

computed The position is then updated aatiag to the followingequation
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The process iterates unle change i, is smaller than a predefinainimumlevel,
indicatingthat the solution has converged to ttimumsolution

Ne wt o n 0 sconueegeshsternd more relialyl thanthe basigradient descent
algorithm butit is also more computationalgxpensive In addition,it alsorequiresthe first and
thesecond derivativandso may notvork for all functions. Finally, it might converge only t@a
local, as opposed tglobal minima or maxima.

TheLP simplexis a constrained optimization methatiere the objective function and
the constraints are lineatt typically involves a single objective function and several constraints
that are formuleed as inequalitiesThe inequalities form a polygonal shapsth the optimal
solution lying on one of the vertices.

The principle of operation of a simplex algoritlman be best described with an example.
Considetthefigure below. This problem aims to maximize the functi@ufo @ ¢w

where both x and y are constrained within the shaded region.
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Figure 4.2. LP simplexalgorithm illustration
Source: [B3]

The optimization probleman beformulatedas a systerof equatioss, i.e.
0D OOQE@ID ®» qw

Subject to following constraints:

W Y
W v
W W pT

In the first step, aet of slack variables is introduced to convert the inequalities into

equalities, such that:

w ]
[ )
W W i p T
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Then theresulting equations amnverted into @AX = B matrix.

1 0 1 0 0 0 X 8
0 1 0 1 0 0 y = 5
1 1 0 0 1 0 sl 10
1 2 0 0 0 -1 s2 0
s3
k

By iteratively fixing one variable and recalculating the rest of the variables, the
intermediate solution first edges alongtheax i s t o [ O, &lon§ thebpebgeurdil] 6, t h
it reacheg5,53,00,15] 6 , wthe optimalspblstioncorrespondingo the point (5,5) on the
plot, with amaximum valueof 15.

The simplexs very efficient and robusand one of the most useful optimization
algorithms but it doesnot work for norlinear problemswhich limits its applicability.

The Generalized Reduc@&tadient (GRG) algorithm isomewhat similar to LP simplex,
except instead of traversing the boundary of feasible solutions, the gradient method moves
through the interior of the feasible region following the gradient of the objective function.

Also, whilesimplex is only suitable for linear problems, tBRG method is also suitable
for solving nonlineapptimizationproblemsas long ashe objective function anithe constraint
functionsare differentiable.The GRG algorithm is particularly useful when greblem has
smooth, continuous functions and when the constraints can be expressed as equalities, possibly
by introducing slack variables for inequalitiddowever, just like théasicgradient descent
algorithm, GRG nght converge to a local optimum rer than a global one, depending on the

initial conditions and the nature of the objective function.
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The GRGalgorithm starts with an initial feasible solution, which is a set of values for the
decision variables that satisfy all constraints. The variables are divided into two groups:
independent and dependeiithe independent variables can be freely changkie the
dependent variables are adjusted to maintain feasibility with respect to the constraints.

The GRG algorithnthen calculates the gradient of the objective function, which is the
vector of its first partial derivatives with respect to the independent variables. Using the gradient
information, the algorithm determines a search direction along which the obfectiten is
expected to improve. A line search is performed to find the optimal step size that maximizes the
improvement in the objective function along the search direction. The independent variables are
then updated along the search direction by thiengp step size, and the dependent variables are
adjusted accordingly tmaintain feasibility.

At the end of each loop tH@RG algorithm checks if the solution has converged,
typically by looking at the magnitude of the gradient or the improvesmetite objective
function. If the convergence criteria are not met, the algorithm repeats the process starting with
gradient calculations. Once the convergence criteria are met, the algorithm terminates, and the
current solution is considered the optimal solati

The following flowchartgraphicallyshows theprinciple ofoperation of the GRG

algorithm
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Figure 4.3. Flowchart of a Generalized Reduced Gradient (GRG) optimization algorithm
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Thereareotherpopulariterativemethodssuch as Sequential Quadratic Programming
(SQP). SQP can handle any degree oflhwarity in both the objective function and the
constraints, making it suitable for a wide range of-vealld applications Butjust like
Ne wt o n 0 sthismeethdd celiles on the first and second derivatives of the objective function
andof theconstraints, which can make it computationabypensivdor problemswith a large
search space

Another popular method theInterior Roint (IP) technique whichis the default method
used in MATLAB. The IP method can handle a wide range of problems, including linear,
nonlinear, convex, and even some foomvex problemsThelP methods known forits
efficiency, especially for largecale linear programming problem#. often outperforraother
methods, but implementirthe IP method camlsobe complex due to the need for accurate

computation of barrier functions and their gradients.

4.1.2 ProbabilisticOptimization Methods

Probabiligic optimization methoslareanotherclass of optimization techniques that deal
with uncertainty in the problem formulation or the solution proc&ssne examples of
probabilistic optimization methods are Stochastic programimiBayesian optimization,
which will be discussed belaw

Stochastic programming is a method for solving optimization problems that involve
uncertainty.Unlike deterministic optimization, where all parameters are known and fixed,
Stochastic programming incorporates random varighkg$ollow known probability

distributions.
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A common approach is theultiple-stage stochastic programming modigist make
initial decisions before the uncertainties are considered. lkadithiéonalstage, adjust decisions
based on the uncertainty parameters.

Another approach is the scenabased methodMultiple scenarios representing
different possible reala@ions of the uncertain parameters are generatbd.optimization
problem is then solved across these different scenarios to find a solution thedrage

performs best.

Some methods use a combinatiooth ofthese two approaches, as illustratethia

/o Scenario 1
/

following figure[165]:

Scenario 2

° Scenario 3

Scenario 4

Stage1l Stage2 Stage3

Figure 4.4. Stochastic programming tree illustration

Stochastic programming can handle a wide range of uncertainties and is applicable to
various fields such as finance, energy, and supply chain management. It helps in making
decisions that hedge against risks by considering the-easstscenarios and opizing the
expected performance. Bsulving largescale stochastic programs can require significant

computational resources, especially for problems with a high degree of uncertainty.
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Bayesian optimizatiors another probabilistic method. It usgausian processsto
model the objective functionThis model provides a distribution over possible functions that fit
the observed dataAn acquisition function is used to determine the next point to evalliais.
function balances exploration (searchireyv areas) and exploitation (refining known good
areas).Common acquisition functions include Expected Improvement (El), Probability of
Improvement (P1), and Upper Confidence Bound (UCByesian optimizatiors aniterative
process At eachstep, the model is updated with new data points, and the acquisition function is
optimized to select the next point to evaluate.

The following illustration shows the principle of operation of Bayesian optimization:

Figure 4.5. lllustration of the Bayesian optimization procedure
Source: 166

The blue curve represents the true objective functiRed cross points are sampling
points for the true objective functiohe black dotted curve and purple shadepresent the
mean and confidence intervals estimated with the surr@getieability model)of the objective

function.
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Bayesian optimization is particularly useful for problems where the objective function is
expensive to evaluate, such as hyperparamaténg in machine learningiodels It can handle
noisy evaluations and is suitable for both continuous and discrete optimization proBlgms.
while Bayesian optimization reduces the number of function evaluations, the computational cost
of updating tle probabilistic model and optimizing the acquisition function can be high.

There are other probabilistic optimization methods, for exampl8tehastic Gradient
Descent (SGDalgorithm. Stochastic Gradient Descent (SGD) is similar to other grabizswl
methods, except instead of using the entire dataset to compute the gradient, SGD randomly
selects a small batch of data points from the training set. The gradient of the function using the
selected data points is then computed. The model parametérsraraoved in the direction
opposite to the gradient. This step is controlled by a learning rate, which determines the size of
the steps takenThis process is then repeated for a specified number of iterations or until the
model converges to a minimum maximum.

The key advantage of SGD is that it can converge faster than traditional gradient descent
algorithms, especially for large datasets, becausasifewer parameters anpgdateghemmaore
frequently. However, it can be more noisy and lstable, which is why additional techniques

like mini-batch gradient descent and momentum are often used to improve its performance.

4.2 Machine-Learning Optimization Techniques

Machinelearning optimization algorithms, ofteisoreferred to as heuristar
metaheuristic optimization algorithms, are techniques used to find the best solutions to complex

problems where traditionahathematicaimethods are too slow or fail to find adequate
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solution. They usecontrolledrandomnes$o navigate the solutiospaceand are often modeled
by processes occurring in nature
Below, some of the commomachinelearning techniquewill be introducedn greater

detail

4.2.1 GeneticAlgorithms
Genetic algorithms mimic the process of natural selection and evolutim togtimal
solutions for complex problemgenetic algorithms work with a population of candidate
solutions, each encoded as a string of symbols, such as bits, characters, integers, epdioating
numbers.Each candidate solution is evaluated byines® function that measures how well it
solvesthe problemT he #Afittestod solutions are then sele
applying genetic operators such as crossover and mutdtios process is repeated until a
termination criterion is megsuch as reaching a maximum numbegeferatios (iterations)or
achieving a desired fitness le\y&67.
A genericpseudocode for a genetic algorithm loalksfollows:
1. Initialize population with randormsolutions (ndividualg
2. Evaluate théitness of each individual in the population
3. Repeat until termination condition is met:
a. Select fAparentso from the popul ati on
b. Perform crossovevitht he parents to create fnoffspr
c. Perform mutation on the offspring

d. Evaluatehe fitness of the offspring
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e. Select individuals for the next generatimm the current population antthe
offspring populatiorby various combinatiomethods.

There are different kinds of genetic algorithms that vary in the way they represent,
maripulate, and evaluate candidate solutioBeme of the common variations d&ieary genetic
algorithms, realvalued genetic algorithms and permutation genetic algorifh66.

A binary genetic algorithm is the simplest and possibly most widely usedofiogenetic
algorithns, where each candidate solution is represented as a binary string of Os &hé 1s.
crossover operator exchanges bits between two parent strings to create two offspring strings.
The mutation operator flips one or more bits in a gtrandomly as showrin the following

illustration:

123?56?89101]12
| | |

| | | |
@Swilch these two parts of the strings
7|‘ 8| 9 1? 1112

1 2 3 4 5 6
L 1 | | | |
Cross site
Parent 1: ojtrjtrjof1gtrj1rjtrjofop1f|1l
Parent 2: ojry1rjofogrjojojp1r(o0}j1]oO
Offspring 1: of1rjt1jojt1gt1jojofrfoj1y]o
Offspring 2: ofj1jtrjojoftrj1|1rjojof1]1
(a) One-point crossover
o(ofrjoj1j1(ojo}l1|O0f1|O0

Mutation

Oofy1rj1|{o0op1}J1{0|0}11|01]0

(b) Mutation operator

Figure 4.6. Binary GA illustration
Source: 169
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Realvalued genetic algorithms use real numbers as symbols in the candidate solutions.
Thecrossover operator can be either arithmetic (e.g. the weighted average of two parent values)
or geometric (e.g. the square root of the produthefwo parent values)The mutation
operator can be either uniform (adding or subtracting a random vaimefparent value) or
nortuniform (using a probability distribution to generate a random vallieg. principleof

operation is shown in the following illustration:

3 individuals (each with 4 genes)

Initial Random Population 0.51 0.33 0.02
(First Generation) 0.11 0.64 0.31

0.72 0.99 0.82
* 0.02 0.62 0.25
— Measure Fitness Fitness Score: 13% 04% 33%
Randomly pick parents,
Selection weighted by fitness values
(roulette wheel)
+ Parents: Children:
. Create 2 children by '0.51 10N02 0.51 0.02
Reproduction crossing over genes  0.11 0.31 0.11 0.31
from each parent 0,72 0.82 0.82 0.72
0.02 0.25 0.25 0.02
+ 348 0.02
- Ocasslonally, randomly 0.31 iti
Mutation mutate one gene 0.72 CopEyI'::-t&:f';nes to
o +_ ______________________________________ ?'_0_2_ next generation
0.02 0.02
- 0.31 0.31
—— New Generation 0.72 0.82
0.02 0.25

Figure 4.7. Realvalued GA illustration
Source: [70]

Permutation genetic algorithms use permutations (ordered sequences) of symbols as the
candidate solutionsThe symbols can be integers, characters, or any other valbhesrossover
operator can be either partially matched (swapping majdegments between two parent

permutations) or orddrased (preserving the relative order of symbols in two parent
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permutations).The mutation operator can be either swap (exchanging two symbols in a
permutation) or inversion (reversing a segment of lmim a permutation).

The following illustration shows the principle of operation of a permutation GA:

Initialization # Cycle #1 |
r* >
A | E HEEEEERE > B EEEEEE
©
B[ 2|0 IDEEER ——+ 0 DDEEER |2
2 o
C N §H||||||( » H HENEEE £
O |5 o .C IR » ¢ EEEEK .
E R E R s 80 (IR
D \» 2
F [ o | C >DB M [ 1(|E
S : =
G| A 2| A (SRR T—3HG | | K (£
) O
H BN CF —sGcH N T ¢,
(a) Initial (b) After (c) After
population ranking breeding

Figure 4.8. Permutation GA illustration
Source: [7]]

4.2.2Simulated Annealing

Simulatedannealing (SA) isrotherprobabilistic technique for finding the global
optimum of a given functionThe name of the algorithm comes from annealing in metallurgy, a
technique involving heating and controlled cooling of a material to alter its physical properties.

Simulated annealing can be used for difficult computational optimization problems where exac
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algorithms fail It frequentlyachieves only an approximate solution to the global minimmum
maximum butit is oftensufficient for many practical applicatiops72.

The simulated annealing process starts with an initial solution and then iteratively
improves the current solution by randomly perturbing it and accepting the perturbation with a
certain probability. The probability of accepting a worse solution is initially high and gradually
decreases as the number of iterations incread@s.ensure t hat t he al gorithm
atalocal optima in the initial stageand also that ithen converges to a final solution in the later

stages of theearch process. This principle is illustrated in the following figure

i
Hilll clirnbing [move sccepted with certain probabilivg)

Initial solution

Cost function

Lacal minima

Global minimum

>
Feasible Solutions
Figure 4.9. Simulated Annealing illustration
Source: [73]
A pseudocode for hasicsimulated annealing algorithm lo®és follows:
1. Define the objective function.
2. Set the initial Aftemperaturedo and fAcool in
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3. Generate the initial candidate solution.

4. Compute théienergy (fithess) of the initial candidate solution.

5. Define a perturbation function to generate new candidate solutions.

6. Repeat until a stopping criterion is met:

a.

b.

Generate a newolution by perturbing the current solution.

Compute the energy of the new candidate solution.

If the new energy is lower than the current energy, accept the new solution as the
current solution.

If the new energy is higher than the current eneaggept the new solution as the
current solution with a probability that depends on the temperature and the
difference between the energies.

Decrease the temperature gradually (according to the coali®g

4.2.3Particle Swarm Optimization

Particleswarm optimization (PSO) is another computational method that optimizes a

function by iteratively trying to improve a candidate solutitinis inspired by the social

behavior of animals, such as birds and fish, that move in groups while foraging, @astiave

information about the best positions to improve the success of theq fioflk

The basic idea of PSO iswwork with a population of particles, each representing a

potential solution to the problenThe particles are initialized randomly in theasch space and

have an initial velocity.At each iteration, the particles update their positions and velocities

based on their own best position, and the best position of their neighbors, and some factors

designed to improve convergencEhe best positin of a particle is the one that has the lowest
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(or highest) value of the objective function so f@he best neighbor's position is the one with
the lowest (or highest) value among all the particles considered close to the current Jdrécle.
random &ctors improve exploration and diversity in the search process.

The principle of operationf PSOcan bebestillustrated with the following figure:

Best previous position

New position
of ith particle
XI.:K'l'l

ith Particle

X

Best Global Particle

Figure 4.10. Particle Swarm optimization illustration
Source: [I75]

The speed and position update equationgsifellows:
0 OO wi N U i Qv
W W v
wherev andx are the velocity and position of partic¢lat iterationt, w is an inertia weight that
controls the balance between exploration and exploitatiaandc, are acceleration constants
that control how much the patrticle is influenced by its own best position and the global best

position,r1 andrz are random numbelsetween 0 and B is the besknown position of particle

i, andg is the global best position.
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TheParticle Swarmlgorithm canalsobedescribedvith the following pseudaode:
1. Initialize a population of particles with random positions and velocities.
2. Repeat until a stopping criterion is met:
a. Evaluate the objective function for each particle and record its best position.
b. Determine the best position of alherparticles and record it as the global best
position.
c. For each particle, update its velocity and position using the formulae presented

above.

4.2.4Ant Colony Optimization

An ant colony optimization algorithm &technique for finding optimal solutisrto
problems that can be represented by graphs, such as routing, scheduling, or the famous traveling
salesman problemit is inspired by the behavior of real ants, who use pheromones to
communicate and cooperate with each ottigte foraging[17§.

The basic idea of this algorithm is to simulate a population of artificial ants that explore
different pathsand deposifipheromonesas they travel Pheromones act as a form of memory
that guides the search proce3$ie ants tend to followatts with higher pheromone
concentration, which leads them to discover good solutions over Tinepheromones also
evaporate over time, whi@dncourages exploration apcevents the algorithm from getting stuck

in alocal optima as shown on the figure below
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Figure 4.11. Ant Colony optimization illustration
Source: [17]

Theoperation of thentcolony algorithmcan be described with the following pseudo
code

l.Initialize graph with some initial Aphero
2. Generate a set of ants and assign them to random nodes
3. For each ant, repeat until a solution is constructed

a. Choose the next node to visit that depends on the pheromones and also the

distance and cost of the adjacent edges.

b. Update the pheromoneluas on the edges that the ant visited.
4. Evaluate the quality of the solutions constructed by all ants and update the

pheromones accordingly.

5. Repeat steps-2 until a termination condition is met.
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4.2.50ther Machine-Learning Algorithms

There arejuite a few othepopularmethodssuch adArtificial Immune Systera (AlS),
Cuckoo Search (CS), Firefly Algorithm (FA), Bee Algorithm (BA), Harmony Search (HS),
Coyote Optimization algorithm (COAgtc.To do it justice, whole boahave already éen
written, e.g.[178. But for the sake dbrevity,a more detailed discussion of these methods will

be omitted in this dissertation.

4.3 Multi-Objective Optimization Techniques

While the goal of singl®bjective optimization is finding the optimum capiration that
results in a maximum or minimum ofsanglevariable, multiobjective optimizatiofMOO) is a
process of selecting an optimal solution in the presence of two or more variables. Typically, the
optimal solution is one that achieves the bestaoff between competing objectives.

Multi-objective optimization can be broadly divided into two approaasssiggested

by [179:
Multi-objective
methods

|

Scalarization methods Pareto methods

Figure 4.12. Multi -Objective Optimization (MOO) methods classification

4.3.1 ScalarizationMethods

Scalarization involves converting a medibjective optimization problem into a single

objective optimization with appropriate scaling parameters.
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For example,he weighted sum methodonverts a multipl®bjective problem into a
singleobjective problem by generating a function which is the weighted stine objectives.
The weightw of each objective is chosen in proportion to the relative importance of the objective

[180]. The problem formulation ias follows:

Minimize: Ow B 0 Qw

Subjectto:  ® ® o, E ph¢ché8h
Qo T E pohch8h *
Qo E phch&8h +

The weighted sum approach is simple and straightforwidoivever, it might be difficult
to selectthe correct weights. In addition, this approach may not always find the best solution,
especiallyin anonconvex search space.

The ei constraint methodptimizes one primary objective while transforming the other

objectives into constraints by setting upper or lower lifii&l]. The problem formulation ias

follows:
Minimize: Qw
Subjectto: Q @ - / phch8h (- AT A T
» O O, E phch&h
Qw T E ohché&h *
Qo T E phché&h +

The advantage of élJmethod is that it is applicable to either convex or-nonvex
probl ems. ~Hector leas te bbe,choseh aareflilly so that it is within the minimum or

maximum values of the individual objective functions.
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There aralsootherpopularscalarizatiormethodssuch as norabased scalarization,
adaptive scalarization, goal programmiBge n 6 s pr ogr ammi ng, Tchebyche
lexicographic method, etd-or the sake obrevity,a more detailed discussion of these methods

will be omitted in this dissertation.

4.3.2 ParetoMethods

In optimization problems with multiple competing objectiveRaaetefront is defined as
a set of solutionwhere eaclsolutionis not dominated by any other solution in the objective
space.In other words, a solution is pareaptimal if there is no other solution which is better in
all objectives.Paretefronts are often represented graphically to help visualize dde tffs

between different objectiveas illustrated in the following figure:

2 :
< The best solution
: L \ . .
<l of objective 2
= *
o ~
(6] . i
° . » Pareto Front
.
@ %

The best solution
* of objective 1

Objective |

Figure 4.13. Paretofront illustration
Source: 182
Several approaches utilizing the concept of pairetats will be discussd below. The

Nonrdominated Sorting Genetic Algorithm Il (NSGA is a subset of genetadgorithns

specifically designed for solving mulbbjective optimization problemslThe goal of NSGAll is
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to find a set of solutions that are as close as podsilbee Pareto optimal front, whichs was
already discussedgpresents the best tradd#s among the conflicting objectives.

Below is the flowchart of NSGAl as suggested y83:

Start
Initialize the population l
set Gen=1 Crowd distance
i{ h computing and sorting
Crossover and mutation l
operations Choose appropriate
individuals for the next
l generation
Merge the parents and Yes ¢
children solutions
l — GenzMaxGen?
Fast non-dominated ‘L

sarting End

Figure 4.14. NSGA Il illustration
Source: 183

The NSGAIllal gori thm sorts the population into
dominance.Solutions are ranked according to how many solutions they are dominated by.
Within each front, solutions are then sorted based on crowding distance, which measures the
density of solutions surrounding a particular point in the solution spd8&A-11 uses a binary
tournament selection based on rank and crowding distance, followed by crossover and mutation
to generate new solution®SGA-11 is an elitist algorithm, meaning it preserves the best

7

solutions (or O6elited menokhe nextlgenératienm t he curr e
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NSGAl 1| 6s main strengt hs-denmaed sottisg agptoach, ansl m,
crowding distance mechanism, which together help in maintaining a diverse set of solutions and
in guiding the search towards the Parepdimalfront. | t 6 s al so rel atively
and scalable to a reasonable number of objectives, which makes it a populafah@deus
applications.

Similar to NSGA, the Strength Pareto Evolutionary Algorithm 2 (SPEA2) is an advanced
version of gaetic algorithms specifically designed for midbjective optimization problems.
SPEAZ2 assigns fitness values to solutions based on their dominance relationship with other
solutions in the population. The algorithms tlestimatethe density of solutiasurrounding a
particular solution in the objective spadehelps maintain diversity in the population by
favoring solutions in less crowded areas. SPEA2 manages an archiveduimated
solutions from which promising candidates are selected astgdor the next generatiolVhen
the archive exceeds its size limit, it truncates the archive, i.e. removes some of the solutions
while preserving the diversity of the archive. SPEAZ2 is also an elitist algorithm because it
retains the best solutionsuied throughout the evolutionary process, ensuring that the quality of
solutions does not degrade over tinBREA2 hashownexcellent performance in terms of the
Pareto front, generation distance, and spacihigas been successfior various applicatns,
demonstrating its robustness and effectiveness.

Another approach, thdulti-Objective Particle Swarm Optimization (MOPS@)an
extension of the standard Particle Swarm Optimization (PSO) algorithm, adapted to handle
problems with multiple objectives

MOPSOalsouses the concept of Pareto dominance to evaluate and compare solutions.

Each particle in the swarm represents a potential solution to theahjdative problem.The
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particles oO0flyodé through t he anopositionsbased engheic e
own experience and the experience of their neighddBPSO maintains a repository (or

archive) of nordominated solutions found during the search proc&ks repository helps

guide the swarm towards promising areas ofsteach spaceMOPSO uses crowding distance

to maintain diversity in the repository, ensuring a vadédkributed set of solutions along the

Pareto front. MOPSO incorporates techniques like the Pareto envelope anohgkiag to

manage the muHbbjectiveoptimization process effectivelas shown in the figure below:

f,(x)
A

> £ (x)

Figure 4.15. MOPSO illustration
Source: 184

MOPSO retains the simplicity of the standard PSO algorithm, making it relatively easy to
understand and implementhe algorithm can be easily adapted and extended to suit various
types of multiobjective problemsMOPSO is also known for its fast convergence towards the
Pareto front, which is beneficial in tirgensitive applications.

There are other methods,g.the pareteenvelope selection algorithm (PES#&)e

decompositiorbasedalgorithm (MOEA/D),the indicatorbased evolutionary algorith(fBEA),
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etc. Again, whole books have been written on this sulgietady e.g. [B5], soforbr evi t y 6 s

sakea moredetailed discussioaf these methodwill be omittedin this dissertation

4.4 Summary of Chapter 4

Chapter 4£ontained a survey of some of the more common optimizege@miques
including various mathematical approaches as well as malg@ngng approaches, for single
objective, as well as multibjective problemsSome of the most commonly used techniques in
each categorwere described, and pseudodes, flowcharts, and uistrations were used to

explain eactiechnique
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Chapter5-ThbPai | y Ener(ghE BBeatl haondc e

5.1 The Principle of Operation ofthe DEB method

As stated in chapterl, the overarching goal ofrisgarciwas to develop neand better
methods and techniques to design an optimianogridsystem that satisfies technical and
economic objectives as outlined in previous chapters.

Virtually all currentlyexisting optimization approaches use extensive simulations to
attempt to determine cogfirations that match the generated and consumed power for each time
frame over the course of the project lifetime before selecting a winning configuration. As
mentioned earlier, this approach is computationally very inefficient and expensive, is ot easil
adaptable to different consumers, often requires expensive and complex software to operate, and
is in general not very suitable for making practical engineering decisions.

Thenewmethodpresented in this dissertaticzalledthe fidaily energybalance (DEB)
method, is radically different from all existing approaches in that it does not attempt to match
hourly powerquantities. Instead, this method attempts to achieve a balance between generated
and consumednergyper day.

A time frame of alay was selected because in most cases the power demand is cyclical
with the period of 24 hours. Similarly, solar power generatatsacyclical with a period of a
day. The idea was to determine valid component configurations suchtttieg end of the day
the consumed energy was léisanor equal to the generated enengyhe system The COE of
valid configurationscan then be determined, and the configuration with the smallest COE is
chosen as the winning configuration.

This apprachminimizes simulation needgreatly simplifies computations and shortens

computation timeandcan be implemented on widely availabemputatiorplatforms such as
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MS Excel The solutions can be easily verified and thengtmyide a high degree of citkence
in the obtained solutianwith the end effect that this meth@mmuch more engineer friendly
compared to all other approaches.

With this approach there is no need for extensive simulatidims selection process is
based on simple constraint chéng. The constraints are computed with equations denived
chapters 2 and. 3This chapter summarizes all equations int@jtimization problem

formulation.

5.2 MethodParameters

5.2.1 Primary Input Data

Unlike some of the competing methodse inputs to this algorithm are highly

customizable for different applications.

others are obtained from easily available web resources as outlined in €B&p8randsome
can be obtained fromanufactures of various equipmers outlined in chapte®& 3.
Compared to some othapproaches such as iIHOGA, the number of inputsoise

limited, and are organized in logical groups, which are presented below.

Load parameters

1 Average daily energy demand (in kWh).
1 Peak power demand (in kW)

1 Average power demand (in kW)

Locationdependent parameters

1 Peaksurrhours (in hrs)
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1 Average wind speed (in m/s)

Economic parameters

il
1

Project life (in years)

Discount rate (in %)

Engine generator parameters:

1
T

Initial costs (in $/kW)

Generator lifetime (in hrs)

Replacement costs (in $/kW)

Operation and/laintenanceosts (in $/kW/year)
Fuel coefficients

Fuel price (in $/L)

Desired bad factor (in %)

Battery parameters

il
il

Initial costs {n $/kWh)

Battery lifetime (cycles)

Replacement costs (in $/kWh)

Operation andnaintenanceosts (in $/kWh/year)

Maximum dlowable DoD (in %)

Solar panel parameters

T

Initial costs (in $/kW)
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1 Panel lifetime (in yrs)
1 Replacement costs (in $/kW)
1 Operation andnaintenanceosts (in $/kW/year)

1 Systemefficiency (in %)

Wind turbine parameters
1 Initial costs (in $/kW)

9 Turbine lifetime (in yrs)
1 Replacement costs (in $/kW)
1 Operation andnaintenanceosts (in $/kW/year)

1 Rated wind speed (in m/s)

Optimization parameters

f Generatominimumsizei ndexl) U (0
1 Solarsystem minimumsizende x1) b (O

1 Windsystem minimumsize ndext) o (O

5.2.2 Secondarynput Data Computations
Based on the primary input parametosn the previous section, the follang
parameters areomputedaccording to the equatioderived in chapters 2 and 3

1. Engine generator computations
a. Engine generator energytput
0 Qdw® 0 0 £ QO AOOEET Y QA Q

O 0 Qwi 0O Qwoeu
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O 0£0N® MBI 01 ¢ QMO D QQQO QA Q

b. Engine generator costs

. R € QQwou YOG 6 YBED v
YR a 0w Yod
naww 'éhs Qi Do &1 AQQO Qa'Q

YO OOQHFENd OOOBRH OODQ"YQ4a Qi

00 Q& 0@ W 6 0 U O

Ct = cost of fuel
Q= quantity of fuel
D O |0 I 00
06 Qa0 0BRWDI 00 Qa 0@WW T UL

2AD1T AARA#06QD Gy "O0 Q& & i o
DVUO O Qoo€il Oi

p i
2. Solar panel computations
a. Solar paneénergyoutput
0 Qdw 0 0 QAOQY6 & 06 A NNQDQQE O W

O QWi 0O Qwwaooeu
D O0EON® WQMIDI € QWO U QQQO Q& Q

b. Solar panel costs

D1 £ Q0wmo 0 "QQQ6 Q& Q

YQ awaVﬁQ T s n e 3 2
fl YeEawi 00 Qad QQQo QaQ

YORAOOQHOH a OOOBAR 0O Q"YQ4 Qi

2ADI AAA #06Q0 Qb

D06 0t QO6ED Oi b 1
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3. Wind turbine computations

a. Wind turbineenergyoutput
0 QOO ¢ 0 — CT
O QWi 0O Qwaooeu
O 0£00® OQMI DI £ QMO 1 QQQO QG Q
b. Wind turbine costs
£ QQ00o 0 QY0 QA Q

. 01
YOR A OOHQ R -~ 20D 2
d GO QY01 GQE QD QQ00 Q4 Q

YOR G O0OQHEN & 0OOBRH OO Q"YQ4a Qi

2ADT AAG #6QD Qo

006 0t QO6ED Oi > 1

4. Battery computations
a. Battery energy output
0O AAU 0¢ 00
b. Battery costs

YO & HQY04 ul € Qo b "@PVO Q& Q
IR 00l 0o @aka Q0

YOR A OOQHFEN OOOBRH OODQ"YQ4E Qi

2ADI AAA#06Q0 Qo

006 0t Qob6eEl oOi o1

5. Costof-energy (COE) computations

DA QQ 0 Q
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5.3 Optimization Problem Formulation

5.3.1 Obgctive Function

Minimize

550 BO OO B BUOOOQ
00 O—
QWXQ BOeg Qi'ARE Qi wg QQ B BO0Q

5.3.2 DecisiorVariables
The decision variableis the rated size of each component plus thetima of the

generator, i.ex = [Pg, tgrun, Ps, Pw, Qg]

5.3.3Constraints

1. Daily energy constraint
O Quw 0 Quww 0 Qww O Qww

2. Generator rustime constraint

3. Generator size constraint
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4. Solar panel size constraint

0 QoW T
0 QO QY6 E OE O |

C

0 Qow
0 QO QY6 E OE O i

C

5. Wind turbine size constraint

0 0 8
. O QoW
0 [
CT
- @) QO w
0
QT
6. Battery size constraint
0 0 0
0 &'Qt 0 0 o o
V] 0 0 (0] c P35
or
N 3 e ’ 5 5 ‘O 'O
0O Qhw U 0 ® ™ o m® ©O Ti§, o g O
0 O Qww

54 Summary of Chapter 5

In chapter 5a novel method to designicrogrid systemscalledthe Daily Energy
Balance (DEB) methqadvas introduced. First, the principle of operation of the method was
discussed. Then the input parameters were presented, along with the equations necessary for the
proper operation of the method. élthapter also conta@uthe detailed problem formulan for

this designoptimization method.
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Chapter6-Resul tCenahdsi ons

In this chapter, the DEB method will be tested and verifiBdferent types omicrogrid
systemswith different power demand profiles, and different sizes, will be designed with the
DEB method. The resultsill be verified with the kWcounting procedure to ensure viability
The results will also beompared to designs by HOMER.
The following systemdor the following locationswill be testedn this chapter
Smadilze syksWwhepda(lyhdustri al profil e
A salina, KS
A Bangor, ME

Medi-uimze system (886i B®Wht day profile
A salina, KS
A Tucson, AZ

Largieze system (rnb&si5ddWwhi/alayprofil e
A salina, KS
A Garrett, WY

Commusizeyd system ¢(8mbhukeNhydpyof il
A salina, KS

A Stevens Village, AK
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6.1 Design ofa Small Microgrid System

6.1.1 Small SystemDescription

A smallsystemis relevantfor users in survival mode, concerned with powering only
essential necessities such as fridge, freezer, furnacsoiae, LED lightsand powering phone
chargers or other communication equipmesince the devicedo not necessarilpperate
simultaneouslythe power demand is relatively constant, with a daily demand of 12 kwWh, an
average demand of 0.5 kWh and a peakatedrof 0.64 kWhr{ote: this is the actual

consumption of a real systgm
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Figure 6.1. Small systemload profile
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Figure 6.2. Small system c&emand statistics

6.1.2 Small SystemDesign with HOMER
The first step to designraicrogrid system with KDMER s to enter the geographic
location(Salina, KS) from which Homer determisehe NREL solar and wind datdhe
economic parameters are fixed, with% @iscount rate and a 2% inflation rafEhe price of
fuel is adjustable, with a default price of $1/L.
Homer does not have a way to enter exact demand parameters (which is a huge
disadvantage!). Instead, the user has 4 profiles to choose émmmercal, community,
industrial, or residential. The only factor that is adjustable is the eladlggy consumptign
which in this case was set to 12 kWh. For this system, the relatively flat industrial load profile

was chosen as the closest representatitimeodemand.
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— Electrical Load

Load Profile

Select a daily profile that describes your load:

Commercial Community Industrial Residential

0 g 12 18 24 0 g 12 18 24 0 6 12 18 24 0 g 12 18 24

weekday weekend

Average Load

12| KWh/day

Figure 6.3. Small systemload profile for H OMER

For the solar part of the system, the type of solar panels, as well as the cost per kW can be
changed.The solar irradiance daisimported from NREL sourceand is set t@.42 kW / nt /
dayfor Salina, KS For the wind turbine, the adjustable paramsetge the type of turbine, the
cost per kW, and whether the expected load is AC or Ti& wind speed data is given as
monthly and yearly averages, again from NREL soumres,is5.21 m/sfor Salina, KS. Also, a
specific power curve for the wind turleins assumedEor the battery, the adjustable parameters
are the type of battery, and the cost per K¥élow is a summary of the parameters that

HOMER used for the simulation.
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— Summary

Load

Average load: 12 kWh/day
Profile: Industrial

Photovoltaic

PV type: Generic flat plate PV
PV capital cost: 3000 $/kW

Storage

Storage type: Generic 1kWh Li-lon
Storage cost: 550 $/battery

Generator

Autosize Genset
Fuel price: 1 $/liter

Wind Turbine

Wind Turhine type: Generic 1 kW
Wind Turbine capital cost: 10000 $/wind turbine

Figure 6.4. Small system irput parameters for HOMER

After doing several minutesod wor tpgosed f

layout of the systerand the projected costs for different system configurations

DC

Generic 1kW...

aaal - +|

LOAD

- Y
12.00 kWh/d
0.92 kW peak

Generic1 kW Converter

Figure 6.5. Small systemlayout by Homer
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Table 6-1. Small system results table by Homefor Salina, KS
T oP o= 0 ST
1 13 $5,772 $1,408 $0.41 $27,957
1 0.3 CC $1,456 $2,088 $0.50 $34,351 1496
1 CC $550 $2,171 $0.50 $34,752 1,579
1

0.1 1 LF $1,575 $2,272 $0.54 $37.371 1574

$11,038 $2,265 $0.68 $46,724 1,375
CcC $10,550 $2,298 $0.68 $46,744 1,406

[y

1 0.2 0.1 1 LF $12,063 $2,286 $0.70 $48,068 1,305

€ 4 7o e O T
1 1 0.2

1

1

1

2 0.1 1 LF $21,591 $2,360 $0.85 $58,771 1,140

According tothetableabove HOMER determined thathe optimal configuratiofor the
smallsystem is a-kW generator, witla 1.3-kW rated PV system, akWh LFP battery, and a
600-W inverter/chargerThe NPC of this system is $27,957, which amounts to a COE of $0.41
per KWh.

As already noted earlier, thereusfortunatelyno easy way to verify if the solutions will
work as advertisedHOMER is quite restrictive when selecting load prafid@d parameter
sizes, which appears to skew the resultslso appears to oversimiplithe results.For
example, hesmalestsize for the battery is 1 kWIn(the initial setup)andthis is then the size
that the algorithm selected for all configuratio@milarly, there are no variations when using a
1-kW wind turbine. 1 appearshtatHOMER insists on ayeneratofor all possible
configuratiors, andthe sizewas selectetly simply doubling the average power demand.
Thereforethe size of generator is probably too large, while the solar system and the battery are
most likely too smig which would necessitate additional fuel to be burned by the generator to

keep up with demand.
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For comparison, simulatiorfer the same systemiere done foBangor, ME which has
lesssolarresourcegirradiation3.47kW/m?/day) and wind potential (avage wind 4.42 m/s).
Below are the results:

Table 6-2. Small system results table by WMER for Bangor, ME
‘ E ‘ + ‘ q ‘ g ‘ m ‘ Qﬁ Initial Capital... | Operating Cos... | COE
1 C

1.3 0.7 1 C  $5274 $1,449 $041  $28,102 1,050
1 0.2 cc  $1261 $2,115 $0.50  $34,572 1,522
1 CC  $550 $2,171 $0.50  $34,752 1,579
1 07 3 CC  $2,400 $2,084 $051  $35222 1,418

‘ E ‘ /i\ ‘ q ‘ a ‘ m ‘ #ﬁ Initial Capital... | Operating Cos... NPC($) «
1 1

CC  $10550 $2,360 $0.69  $47,719 1,458
1 1 0.1 CC  $10794 $2,344 $0.69  $47,722 1,443
1 1 0.2 01 1 LF  $11613 $2,384 $0.71  $49,172 1,386
1 2 01 1 LF  $21141 $2,544 $0.89  $61,218 1,277

Surprisingly, @spite theeducedenewable energgotentia)] HOMER calculatedrery
similar resultsascompared to 8lina, KS. And counterintuitively, HOMER alsosuggestea
smaller solar system for several configurations.

Overall, the results do not inspire confidentteappeas HOMER wasnot designed with

small systems in mind, artbes notvork well for them

6.1.3 Small SystemDesign with theDaily Energy Balance(DEB) Method
The design with the DEBnhethodalsostarts with the user entering the Iqatameters
and other parametergiowever,the input parameters aless restrictive anthorecustomizable

ascompared to ®BMER, but not as overwhelmihglargeasin iHOGA. The input parameters

for the DEB methodvere checked againsKBMER6 s par amet er s t o ensur e

when comparing the two methods.

142



Table 6-3. Small system input parameter table forthe DEB method

Load parameters Economic parameters

Energy demand per day (kwh) 12.00 Project life (years) 20.00
Peak power demand (kW) 0.64 Discount rate (%) 6.00
Average power demand (kW) 0.50 Fuel price ($/L) 1.00
Location parameters Fuel coefficients

Peak sun hours (hrs) 5.00 h 6] kl20 0.07
Average wind speed (m/s) 5.00 i 6[ k120 0.23
Generator parameters Batteries

Purchase cost ($/kW) 550.00  Purchase cost ($/kWh) 550.00
Generator lifetime (hrs) 20000.00 Battery lifetime (cycles @50% DoD) 4000.00
Replacement cost ($/kW) 550.00 Replacement cost ($/kWh) 550.00
O&M costs ($/kW/year) 100.00  O&M costs ($/kWh/year) 50.00
Solar Wind

Purchase cost ($/kwh) 3000.00 Purchase cost ($/kWh) 10000.00
Solar system lifetime (years) 20.00 Turbine lifetime (years) 20.00
Replacement cost ($/kW) 1000.00 Replacement cost ($/kW) 5000.00

O&M costs ($/year) 50.00 O&M costs ($/kW/year) 50.00

In general, the objective functigwhich in this case is theOE)can be minimized with
any of the available constrained optimization algorithms. Inrésisarchtwo algorithms were
used, the Generalized Reduced Gradient, wha$digcussedn section 4.1.1and a Genetic
algorithm,which was discussed in sectior24.. Bothwere used within Microsoft Excel.

The GRG algorithnwas lighting fast and usually convedy@ithin a few iterations.
However, as notedlreadyin section 4.1.1it is highly dependent on the initial conditions, and
sometimegot stuck at docal minimum The GA algorithnwas slower (but still much faster
than HOMERG B pr opr i et araydmachnpme explardiongisan GRG produeng
unigueresults sometines substantially betténan theresults otthe GRG algorithm.A good
strategywas toalternately run thealculationswith both algorithms, and then pick thest

resultsof the twoalgorithms
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Figure 6.6. Sample convergence plot by the GeneralizégeducedGradient (GRG)
algorithm
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Figure 6.7. Sample convergence plot by th&enetic Algorithm (GA)

The primary objectivef both algorithmsvasto minimize the COE, buhe DEBmethod

alsoprovides ahoice to prioritize generator, solar or wind energythfaeuserselectable
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operators. Depending on the operator settings different solut@eobtained as seen in the

following table:

Table 6-4. Small system results table byhe DEB method for Salina, KS
Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)

4.71 2.36 0.67 0.3616
0.64 0 4.39 2.25 0.78 0.3779
6.86 3.01 0.3864
0.64 24 0.84 0.3944
0.8 24 0.4013
1.68 3.06 0.4448

Compared to Homethere are notable differenceBor example, strictly generator,
strictly solar, or strictly wind power combinations are possible. Also, théimeof the
generator is an optimizable parameter, which can range from 24 hours to zeroltaurs.
solutions with zero run times means tlemgrator serves strictly asbackupsource slightly
increasing COE, but substantially increasing the reliability of the system.

Theoptimalconfigurationfor thesmallsystenwith a COE of $0.36 was obtained using
a mix ofonly solar energy and wind poweHowever, when adding reliability as a second
optimization criteria, the winning configuration consisted of a 0.64 kW standby generator to
provide power when neither wind nor solar energy was availdlfisincreasd the COE to
$0.38, whichs still better tharHOMER6 s wi nni ng. COE of $0. 41

To verify the validity of this solution, a kWounting procedure was ruwhich resulted

in the following plot:
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Figure 6.8. Small systemdesign verification for the DEB method

According to the DEB method, the estimated daily battery requirerfarhis system
are4.39kWh. Counting thekW resulted in a battery requirement a2 4kWh, a deviation of
only 28%, in the conservative direction, indicating that this systefullis functional.

Foradditionalcomparison, th®EB methodwvasalsoapplied to designinthe samesized
systemfor Bangor, ME. Below are the resultsf the winning configuration:

Table 6-5. Small system optimalconfiguration by the DEB method for Bangor, ME

Generator (kW) Run-time (hrs) Battery (kwh) PV system (kW) Wind turbine (kW) COE (%)
0.64 12.78 2.73 1.69 0 0.3840

This solution makes more sense thaDMERG sCompared to the solution for Salina,
KS, the DEB methoddetermined that the system cannot be supplied by renewable energy alone,
andcorrespondinglyaddsmoregenerator rutstime to the mix. It also eliminated the wind

turbine because at low wind speadd energy becomes ngoofitable.
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The overall verdictis thatthe DEB methoautperformed HOMER and imuch more

suitable forsmaltsizedsystemghan HOMER.

6.2 Design ofa M edium Microgrid System

6.2.1 Medium System Description

Themedium size systemepresentshe consumption of an average housefoMinter,
when most off the devices areuse except the agonditioner(AC). At night, the consumption
is comparable to the consumption of the small system, but during the day the consumption is
quite a bit highedue to usage of space heat&itchen rage clothes dryer, and other
appliances along with a higher lighting loathe dailyenergydemand isabout 2.5 times larger
(30.8 kwh), the average demand is 1.3 kW and the peak derm@mslkW @gain, this is the

actual consumption of a reaystem
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Figure 6.9. Medium system bad profile
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Figure 6.10. Medium system c&emand statistics

6.2.2 Medium System Design with HOMER

Most of theparameters used for the medium system were the same as for the small
system. The biggest difference was the load profile, which fiig system has the look of a

classical residential profile, with an average daily demand of 30.8 kWh.
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~— Electrical Load

Load Profile

Select a daily profile that describes your load:

Commercial Community

] weekday [] weekend

0 6 12 18 24 0 6 12 18 24 0 6 12 18 24

Residential

0 6 12 18 24

Industrial

Average Load
30.8 - kWh/day
Figure 6.11. Medium systemload profile for HOMER
~ Summary
Load Generator

Average load: 30.8 kWh/day
Profile: Residential

Photovoltaic

PV type: Generic flat plate PV
PV capital cost: 3000 $/kw

Storage

Storage type: Generic 1kWh Li-lon
Storage cost: 1000 $/battery

Autosize Genset
Fuel price: 1 $/liter

Wind Turbine

Wind Turbine type: Generic 1 kW
Wind Turbine capital cost: 10000 $/wind turbine

Figure 6.12. Medium system input parameters forHOMER

Af ter sever al

the systenandshowedhe projected costs for different system configuratfon$alina, KS.
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Generic 1kW...

30.80 kWh/d
5.72 kW peak

Generic 1kwW Converter

(D)

Figure 6.13. Medium system layout byHOMER

Table 6-6. Medium system results table by WMER for Salina, KS

| - ‘ + | ' Bl A | - +] ‘ J} Initial Capital...  Operating Cos... | COE
6
6
6
6

1 3.0 3.5 5 CC  $28200 $3.341 $0.46 $80,830 1875

3.5 3.6 & CC  $19.738 $3.914 $0.46 $81,394 2529

2 3.7 5 CC  $29.265 $3,975 $0.52 $91.87% 2,099
<]

4.7 CC  $10545 $5,765 $0.57 $101,361 3,849

| =b Initial Capital... | Operating Cos...
6 CC  $3,150 $10,636 $0.96 $170,690 7.242
<] 0.0 CcC  $3271 $10,634 $0.96 $170,782 7.240
] 1 CC | $13,150 $10,577 $1.02 $179,760 6,965
] 1 0.6 CC  $15088 $10,569 $1.03 $181,568 6,957

According to the tables above(MER determined that the optimal configuration for the

mediumsystem is a&W generator, with 8.kW of installed PV power, a-EWh batterya 35-
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kW inverter/chargeand a 1kW wind turbine The NPC of this system is $&00, which
amounts to a COE of $®&4er kwh.

Overall, the COE is higher than for a small system, which is probably due to the
residential profile having smaller loadactar. It alsoappearghatfor the medium system with a
residentialprofile, Homer ovefestimated the peak demand, and esized the generator
accordingly. Significant savings could be achieved by using a smaller generator.

As was done in section 6.y referencethe samesizesystem was designed for a
different location, this time fofuscon, AZ, which has a higher solar irradiation of 5.41
kWh/n?/day, but a reduced average wind speed of 4.7 m/s.

Table 6-7. Medium system reslis table by HOMER for Tucson AZ
‘ E ‘ + ‘ q ‘ g ‘ H ‘ #ﬁ Initial Capital... | Operating Cos... | COE NPC($) Fuel
6 C

34 3.6 5 C  $19.399 $3,673 $044  $77.261 2,356
6 1 3.2 3.9 5 CC  $28929 $3,690 $049  $87,048 2,137
6 4.6 6 CC  $10536 $5,765 $0.57  $101346 3,849
6 1 47 6 CC  $20551 $5,558 $0.61  $108,104 3,461

‘ E ‘ + ‘ ! ‘ g ‘ m ‘ ”ﬁ Initial Capital... | Operating Cos... | COE NPC ($) ~ Fuel
6 C

C  $3150 $10,636 $096  $170,690 7,242
6 00 CC  $3271 $10,634 $0.96  $170,778 7,240
6 1 CC  $13150 $10,880 $104  $184544 7,183
6 1 0.6 CC  $15088 $10,868 $105  $186,285 7171

Interestingly,againthere arenly small variations between the systim Salina, KS,
and Tucson, AZ. The solar system is slightly larger, while the wind turbine was omitted.
Counterintuitivdy, the generator rutime is increased, so the abundance of solar energy only

slightly improved the cost of energy.
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6.2.3 Medium System Design with theDaily Energy Balance (DEB)M ethod

Theinput parameteror themediumsystemfor the DEB methodwere similar to the

parameters of the smadl/stem andvere as follows:

Table 6-8. Medium system input parameter table forthe DEB method

Load parameters

Energy demand per day (kwh)  30.80
Peak power demand (kW) 2.56
Average power demand (kW) 1.30
Location parameters

Peak sun hours (hrs) 5.00
Average wind speed (m/s) 5.00
Generator parameters

Purchase cost ($/kW) 550.00
Generator lifetime (hrs) 20000.00
Replacement cost ($/kW) 550.00
O&M costs ($/kW/year) 100.00
Solar

Purchase cost ($/kWh) 3000.00
Solar system lifetime (years) 20.00
Replacement cost ($/kW) 1000.00
O&M costs ($/year) 50.00

Economic parameters

Project life (years) 20.00
Discount rate (%) 6.00
Fuel price ($/L) 1.00
Fuel coefficients
h 6 kl20 0.07
i o[ klzv 0.23
Batteries
Purchase cost ($/kWh) 550.00
Battery lifetime (cycles @50% DoD) 4000.00
Replacement cost ($/kWh) 550.00
O&M costs ($/kWh/year) 50.00
Wind
Purchase cost ($/kWh) 10000.00
Turbine lifetime (years) 20.00
Replacement cost ($/kW) 5000.00
O&M costs ($/kW/year) 50.00

Again, the GRG and GA algorithms were dis®epending on theperator settings

different solutionsvereobtained as seen in the following table:

Table 6-9. Medium system results table bythe DEB method for Salina, KS

Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE (3$)
16.79 8.21 0.4049

2.56 5.17 10.15 5.39 0.4081

2.56 0 11.41 5.3 3.14 0.4175

2.56 0 16.79 8.21 0.4339

3.2 24 0.4644

1.6 24 7.56 0.4917

7.56 8.87 0.5616
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According to the DEB method, the meditgystem ca beoptimally supplied by a 8.21-
kW solar system coupled with a 16-K@/h battery bank, at a cost of @, which is
significantly betterthan@BMER6 s r esul t .

To verify the validity of thecomputedoptimumsolution a k\W-counting procedure was

performedas seen in the figure below:

m Actual demand m Battery power Solar power

;! | 111] H\|HHHHH\“
: Manlnlnll _

1 2 3 456 7 17 18 19 20 21 22 23 24

Time (hrs)
Figure 6.14. Medium system design verification for the DEB methodonly solar energy)

According to theDEB method, the optimum solutiavith only solar power requires
16.79 kWh of battery storagd.he kWtcounting procedure indicaéhatthis number is
reasonablgn factit would work with even lessapacity 15.41 kWh. This indicates that the
proposed solution would work, at a CO#stantiallylessthan @MER6 s s ol ut i on.
To improve the reliability, adding a 2.56 kW generator only marginally adds to the
expected costs over the lifetime of the project, and would be the preferable solution for most

customers.Again, this solution was viied and the results are shown below:
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Figure 6.15. Medium system design verification for the DEB methodgenerator plus solar
energy)

The kWtcounting procedure determined the némdan 8.56kWh batterybank The

DEB method conservatively estimated 10.15 kWh.

To further verify the DEB method falesigningmediumsizedsystens, the optimization

wasperformedfor a different location, tis time forTucson, AZ.

Table 6-10. Medium system optimalconfiguration by the DEB method for Tucson, AZ

Generator (kW) Run-time (hrs) Battery (kwWh) PV system (kW) Wind turbine (kW) COE ($)
2.56 3.54 11.85 4.83 0 0.3883

Consistent with the results for Salina, K&d due to the abundance of solar energy in
Tucson, A, the solutionsuggestsess rurtime for the generatog smaller solar systenanda

slightly largerbattery system forraoveralllower COE.
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6.3 Design ofa Large Microgrid System

6.3.1 Large SystemDescription

A large system represents the actual consumption of a single household in summer at the
peak of itgpowerdemand. It consumes about twice as much as the same household in winter,
mostly due to the extensive usage ofainditioning. Thetotal daily enegy demand is about 60
kWh, with a peak demand efightly more tharb kW, and an average demand of about 2.4 kW
It has the typical profile of a residential customer with times of low demand during the night, and

times of high demandroundnoon, and agaiduringthe evening hours.
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Figure 6.16. Large system load profile
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Figure 6.17. Large system demand statistics

6.3.2 Large SystemDesign with HOMER
Most of the parameters used for taggesystem were the same as for thedium

system. The biggest differenceas theaverage daily load which for this system was 57.5 kWh.

— Electrical Load

Load Profile

Select a daily profile that describes your load:

Commercial Community Industrial Residential

0 [:] 12 18 24 ] ] 12 12 24 0 [:] 12 18 24 (] ]

] weekday [7] weekend

12 12 24

Average Load

57.5 = kWh/day

Figure 6.18. Large system load profile for HOMER
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~— Summary

Load Generator

Average load: 57.5 kWh/day Autosize Genset

Profile: Residential Fuel price: 1 $/liter

Photovoltaic Wind Turbine

PV type: Generic flat plate PV Wind Turbine type: Generic 1 kW

PV capital cost: 3000 §/kwW Wind Turbine capital cost: 10000 $/wind turbine
Storage

Storage type: Generic 1kWh Li-lon
Storage cost: 1000 $/battery

Figure 6.19. Large system input parameters for HOMER

After several minutes afimulation,Homer suggested the followirtgyoutfor thelarge

system

57.50 kWh/d
10.68 kW peak

Figure 6.20. Large system layout by HOMER

The projected costs for different system configurationSalina, KS are in the talsle

below
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Table 6-11. Large system resultdable by HOMER for Salina, KS

= 4+ TR s e

1 5.6 6.1 b cC

12 6.6 6.9 2 cC
12 3 6.5 2 CcC
12 8.5 1 CcC
= 4+ TR =R
12 cC
12 0.1 CcC
12 1 cC
12 1 0.6 cC

Initial Capital... | Operating Cos...

$44.327
$37.450
$46,938
$19.550

Initial Capital... | Operating Cos...

$6,000
$6,227
$16,000
$17,813

$6,796
$7.316
$7,942
$10,835

$20,226
$£20,223
£20,349
$20,33%

$0.46
$0.46
$0.52
$0.58

£0.98
$0.98
$102
$1.02

$151,378 4,112
$152,690 4,732
$172,046 4469
$190,233 7,232

$324,605 13,761
$324,783 13,758
$336,553 13,601
$338,202 13,591

According to the tables, BMER determined that the optimal configuration for thegye

system is d2-kW generator, 4-kW wind turbine, with.8 kW of installed PV powef kWh of

battey capacity and &6.1-kW invertertharger. The NPC of this system is1$1,378 which

amounts to a COE of $®&4er kWh. Not surprisingly, the suggested system is about double the

medium system, with an identical COESff.46 per kwWh.

For additional data, thargesystem was alsdesigne for a different location, this time

for Garrett, WY. Garrettis located norttwestof Cheyenneén theinterior of Wyoming and has

acomparablesolar potential4.27 kwWh/mé/day), but dargerwind potential (average wind speed

8.11m/s). Beloware the results dhe simulation by @MER:

Table 6-12. Large system results table by WMER for Garrett, WY

=+ T E

4.8 6.3
12 71 6.6
12 3 7.6
12 8.5

&
9

9
10
11

Ko
cc
cC
cC
cC

Initial Capital...

$51,208
$38,415
$48,266
$19,550

158

Operating Cos... | COE

$5,906
$7,254
$7,112
$10,835

$0.44
$0.46
$0.48
$0.58

$144,243 3,236
$152,682 4,692
$160,298 3.829
$190,233 7.232



= 4+ T B &R
12 CcC
12 0.1 CcC
12 1 cC
12 1 0.6 cC

Initial Capital... | Operating Cos... | COE

$6,000 $20,226 $0.98 $324,605 13,761
$6,227 $20,223 $0.98 $324,786 13,758
$16,000 $20,280 $101 $335,466 13,549
$17.813 $20,271 $1.02 $337,134 13,539

These resultactuallymake sense. Due &mlditional wind potential, the winning solution

incorporates more wind turbines, and resultetiuced rurtime for the generator aradlower

COEascompared to Salina, KS.

6.3.3 Large SystemDesign with theDaily Energy Balance (DEB)Method

The input parameters for thergesized system wergmilar to the mediursized system

and weraas follows:

Table 6-13. Large system input parameter table for the DEB method

Load parameters

Energy demand per day (kwh)  57.50
Peak power demand (kW) 5.12
Average power demand (kW) 2.40
Location parameters

Peak sun hours (hrs) 5.00
Average wind speed (m/s) 5.00
Generator parameters

Purchase cost ($/kW) 550.00
Generator lifetime (hrs) 20000.00
Replacement cost ($/kW) 550.00
O&M costs ($/kW/year) 100.00
Solar

Purchase cost ($/kWh) 3000.00
Solar system lifetime (years) 20.00
Replacement cost ($/kW) 1000.00
O&M costs ($/year) 50.00

Economic parameters

Project life (years) 20.00
Discount rate (%) 6.00
Fuel price ($/L) 1.00
Fuel coefficients
h 60 kKl20 0.07
j o[ klzv 0.23
Batteries
Purchase cost ($/kWh) 1000.00
Battery lifetime (cycles @50% DoD) 4000.00
Replacement cost ($/kWh) 500.00
O&M costs ($/kWh/year) 50.00
Wind
Purchase cost ($/kWh) 10000.00
Turbine lifetime (years) 20.00
Replacement cost ($/kW) 5000.00
O&M costs ($/kW/year) 50.00
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Depending on theperator settingsand the optimization algorithms (GA or GRG) used,

the DEB method determined the following viable solutions:

Table 6-14. Large system results table bythe DEB method for Saling KS
Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW)Wind turbine (kW) COE ($) Comments

33.75 15.33 0.4014 only solar
5.12 4.83 21.15 10.06 0.4067 GRG
5.19 5.68 19.35 8.7 0.43 0.4132 Evol
5.12 24 0.4587 only gen
5.12 14.04 16.32 0.5008 peak shavin
16.31 16.56 0.5580 only wind

The DEB methoddetermined thahelarge system can be optimally supplied b@4
kW solar system and¥5.3kWh battery bankForincreased reliabilitya generatocanbe
added to the systerwhich only insignificantly increases the COE

The ability of thissystem(with a generatorfo supply power to the large system was

verified with a kWcounting procedure. Below is thesultingplot:

m Actual demand m Battery power Solar power Generator power

O Fr N W b 01 O

1 2 3 45 6 7 011|2131415678192021222324

Power (kW)

1
=

Time (hrs)

Figure 6.21. Large system design verification for the DEB method
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The kWtcounting procedurealculated a 18.9kWh battery capacityequirement The
DEB method determine@onservatively) thaa 21.2kWh battery bank was necessary to cover
the demangthis indicated that the proposed system would be operational.

For cmparison, the communigystem was also designed by the DEB method for

Garretf WY. Below are the resulf®r the winning configuration

Table 6-15. Large system optimalconfiguration by the DEB method for Garrett, WY

Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)
5.12 0 19.08 6.14 5.75 0.4040

As expected, the DEB method determitieatthe optimal system fdarrett WY, is a
system with a largavind-system component due to its abundance of wind power. A kW
counting procedure also confirmed the battery requirem&atd/Vh (conservativelyestimated

vs 12.5kWh actualenergy requiremesat

6.4 Design ofa Community Microgrid System

6.4.1 Community System Description

The following communitysized systens modelledwith powerconsumption dataf an
actualvillage. It consists of about 25 households with a combined daily demand of about 300

kWh, a peak demand of 20 kW, and an average demand>ok\A2.
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Figure 6.23. Community system demand statistics

6.4.2 Community System Design with HOMER

Most of the parameters used for tmmmunitysystem were the same as for titleer
systens. The biggest difference was the load profile, which for this system has the look of a

classicakommunityprofile, with an average daily load of 300 kwh.
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~— Electrical Load

Load Profile

Select a daily profile that describes your load:

Commercial Community Industrial Residential

18 24 0 6 12 18 24 0 6 12 18 24

0 6 12 18 24 0 6 12

] weekday [ weekend

Average Load

‘ 300| 2 KWh/day

Figure 6.24. Community systemload profile for HOMER

Below is the summary of thaput parameters fddomer.

~— Summary

Load Generator

Average load: 300 kWh/day Autosize Genset

Profile: Community Fuel price: 1 $/liter

Photovoltaic Wind Turbine

PV type: Generic flat plate PV Wind Turbine type: Generic 1 kW

PV capital cost: 3000 $/kW Wind Turbine capital cost: 10000 $/wind turbine
Storage

Storage type: Generic 1kWh Li-lon

Storage cost: 1000 $/battery

Figure 6.25. Community system input parametes for HOMER

After several minutes of calculatiotdOMER suggested the followinigyoutfor the

communitysystem and determined the followingPC and COE
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Generic 1 kW Converter

Figure 6.26. Community systemlayout by HOMER

Table 6-16. Community system results table by WMER for Salina, KS
‘ @ ‘ + ‘ ! ‘ g ‘ m ‘ -ﬁﬁ Initial Capital... | Operating Cos... | COE NPC($) Fuel
41

5 338 27.3 38 CC  $218,246 $32,058 $042  $723240 20,025
41 39.6 28.7 38 CC  $186,050 $34,274 $042  $725949 22,895
41 18 285 42 CC  $251,042 $36,431 $0.48  $824,910 19,980
41 26.5 35 CC  $63463 $52,731 $0.52  $894,097 36,878

‘ E ‘ + ‘ ! ‘ g ‘ m ‘ ﬁﬁ Initial Capital... | Operating Cos... | COE NPC($) ~ Fuel
41

28 CC  $28,966 $72,884 $0.68  $1,177,062 50,795
4 CC  $20,500 $73,508 $0.68  $1,178,420 51,419
41 1 CC  $30,500 $73.375 $0.69  $1,186,328 50,974
41 2 16 CC  $45203 $72,968 $0.69  $1,194,629 50,258

According to the tables above(ER determined that the optimal configuration for the

community system is a 44W generator, a-KW wind turbine, with 33.8 kW of installed PV

164



power, 38kWh batteries, and a 27KV inverter/chargerThe NPC of this system is $723,240,
which amounts to a CO& $0.42 per kWh.

As expected, the COE of the commursiged power system is smaller than for systems
with residential profiles due to a higher load factor. In addition, this system benefits from the
economy of scale.

For additional data, the communityicrogrid system waslsodesignedor a different
location,this time for Stevens Village, AK. Stevens Village is located north of Fairbanks in the
interior of Alaska, and has a quite low solar potentialy2.54 kWh/ni/day), butstill a
significant wind potential (average wind speed 5.58 mBglow is the simulation data by
HOMER:

Table 6-17. Community system results table by MER for Stevens Village, AK

‘ @ ‘ /}\ ‘ - ‘ g ‘ m ‘ 2 Initial Capital... | Operating Cos... | COE
41

35.9 29.5 38 CC  $174,920 $40,815 $047  $817,855 27,723

41 1 36.2 301 38 CC  $186,238 $40,374 $048  $822,231 27,131

41 26.5 35 CC  $63463 $52,731 $0.52  $894,097 36,878

41 1 39.7 38 CC  $80,417 $52,214 $0.52  $902,920 36,059

‘ E ‘ ‘ - ‘ g ‘ m ‘ ,”ﬁ Initial Capital... | Operating Cos... | COE NPC ($) Fuel

CC  $20,500 $73,508 $0.68  $1,178,420 51,419

41 04 CC  $21676 $73.443 $0.68 $1,178,584 51,354

41 1 CC  $30,500 $73,545 $0.69  $1,189,014 51,144

41 2 1.6 CC  $45203 $73,376 $0.70  $1,201,054 50,663

As has been noted beforeOMERS eesults are frequently difficult to reconcikgth
practical considerations I n this case, it  dhdsendnningt mak e
configurationless wind turbine power, but a larger solar system compared to Salinde${tite

Stevens Villagédnaving more wind and less solar potential than Salina, KS.
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6.4.3 Community System Design with theDaily Energy Balance(DEB) Method
The input parameters for the commursiged system wer@milar to the other systems
and wereas follows:

Table 6-18. Community system input parameter table for the DEB method

Load parameters Economic parameters

Energy demand per day (kwh) 300.00 Project life (years) 20.00
Peak power demand (kW) 20.00 Discount rate (%) 6.00
Average power demand (kW)  12.50 Fuel price ($/L) 1.00
Location parameters Fuel coefficients

Peak sun hours (hrs) 5.00 h 0 kK120 0.07
Average wind speed (m/s) 5.00 i O[ kK120 0.23
Generator parameters Batteries

Purchase cost ($/kW) 550.00  Purchase cost ($/kWh) 550.00
Generator lifetime (hrs) 20000.00 Battery lifetime (cycles @50% DoD) 4000.00
Replacement cost ($/kW) 550.00 Replacement cost ($/kWh) 550.00
O&M costs ($/kW/year) 100.00 O&M costs ($/kWh/year) 50.00
Solar Wind

Purchase cost ($/kwh) 3000.00 Purchase cost ($/kWh) 10000.00
Solar system lifetime (years) 20.00 Turbine lifetime (years) 20.00
Replacement cost ($/kW) 1000.00 Replacement cost ($/kW) 5000.00

O&M costs ($/year) 50.00 O&M costs ($/kW/year) 50.00

Depending on the operator settingad the chosen algoritisndifferent solutions were
obtained as seen in the following table:

Table 6-19. Community system results table bythe DEB method for Salina KS
Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)

135 80 0.3705
20 0 135 80 0.3938
20 7.5 90 48 0.3988
20 24 0.4013
20 0 73.88 45.32 37.46 0.417
20 18.75 45 0.4437

45 86.4 0.5088
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According to the DEB method, the community system can be dptiswpplied by a
80-kW solar system andE35kWh battery bankFor a small COE increasa staneby

generator could be added to the system.

The system is verified with a kMbunting procedure. Below is the plot:

m Actual demand m Battery power Solar power
40

30

[N
o

12345678 18192021222324

Power (kW)
o

Time (hrs)

Figure 6.27. Community system design verification for the DEB method

The DEB methodieterminedhata 135kWh batterybank wasecessary to cover the

demand. The kWounting procedure resulted 187 kWh battery capacity, a deviatiof less

than 1.5 %.

For comparison, the communisystem was also designed by the DEB method for

Stevens Village, AK. Below are the results:
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Table 6-20. Community system optimalconfiguration by the DEB method for Stevens

Village, AK
Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)
20 0 55.04 38.18 40.95 0.3902

As expectedthe DEB method determingdatthe optimal system for Stevens Village,
AK, is a system with a large wirgl/stem component due to its abundance of wind poder.
kW-counting procedure also confirmed the battery requirements, 55.04 kWh estimated

(conservativelyys 512 kwWh calculated paer.

6.5 Summary of Results

Extensive work was performed develop, test, anderify the DEB method. A small
system, medium system, large system and a commsiaigimicrogrid systemsvere designed
for various locations. The DEB method proved to be much faster, and came up with more
realistic and less expensive solutions. Below is a sumaidhe obtained solutions byGMER
and the DEB method.

In all cases, the COE was less for D&Bnpared to BMER. The primary reason is the
reduced reliance of the DEB method on internal combustion engines in favor of renewable
energy such as solar and wipower  Thisapproachrequiral additional battery capacity, but it

still resulted in overalless costly and mornvironmentallyfriendly systems.
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Table 6-21. Summary of Results

Generator Run-time  Solar wind  Battery

(kW)  (hrs/day) (kW) (kW) (kWh) COE®)
Small system Homer 1 14.16 1.3 0 1 0.41
(Salina, KS) DEB 0.64 0 2.25 0.78 4.39 0.38
Small system Homer 1 16.32 1.3 0 1 0.41
(Bangor, ME) DEB 0.64 12.78 1.69 0 2.73 0.38
Generator Run-time Solar wind  Battery COE ($)
(kW)  (hrs/day) (kW) (kW) (kWh)
Medium system Homer 6 10.56 3 1 5 0.46
(Salina, KS) DEB 2.56 5.17 5.39 0 10.15 0.41
Medium system Homer 6 13.68 3.4 0 5 0.44
(Tucson, AZ) DEB 2.56 3.54 4.83 0 11.85 0.39
Generator Run-time  Solar Wind  Battery COE ($)
(kW)  (hrs/day) (kW) (kW) (kWh)
Large system Homer 12 12.48 5.8 1 9 0.46
(Salina, KS) DEB 5.12 4.83 10.06 0 21.2 0.41
Large system Homer 12 9.84 4.8 2 9 0.44
(Garrett, WY) DEB 5.12 0 6.14 5.75 19.08 0.40
Generator Run-time  Solar wind  Battery COE ()
(kW)  (hrs/day) (kW) (kW) (kWh)
Community Homer 41 12 33.8 5 38 0.42
(Salina, KS) DEB 20 0 80 0 135 0.39
Community Homer 41 17.52 35.9 0 38 0.47
(Stevens Vill., At DEB 20 0 38.18  40.95 55.04 0.39

As seen in the table above, in all instances the DEB method outperformed HOMER,
obtaining more reasonable solutions which were less carstlglso more environmentally

friendly.
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6.6 Conclusions Accomplishmentsand Plansfor Future Work

In conclusion, he DEBprovedin several ways # besuperior method of designing
efficientisolated microgrigpower systems
1 Itis more asily adaptable to differesystemsizes and different locations
1 It requiresfewerinput data
1 Itis computationally less intensivend much faster
1 It can be used with widely available computational softwaoés such as Excel
I The esultsaremore stable
1 The results are moenvironmentally friendly
1 The results arenore costeffective
Theoverallgoal and objective of thiesearctwas developing new optimization tools
and techniques for designing and building efficimtrogrid systems In line with the goal and
objective outlined above, this dissertation presents the following accomplishménts a
achievements:
In line with the goals and objectives outlined ahdtis dissertatiorpresentshe
following accomplishments and achievements
1 Developdabranchew mi crogrid system design met ho
Bal anced method (DEB). This method is un
approaches in that it does not attempt to mptsherquantities for each hour.
Instead, this method aims to &mfe a balance between generated and consumed
energyover the course of a days a result, this method is more efficient, much

faster, more customizable, and in general more engineer friendly as compared to any
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other available microgrid system design ieg@ehes, and it can operate on any

available computation platform.

Developed new and revised models and equations to accurately determine the amount
of daily energy that can be generated by generators, solar panels, and wind power
systems.

Developed new nuels and equations to determihe daily battery capacity

requirements based on the daily average power and peak power consumption, as well
as the daily average energy generation capability of different microgrid sources.
Adapted two optimization algoriths, the Generalized Reduced Gradient (GRG) and

a genetic algorithm (GA), to determine the optimum combination of components that
minimize cost and maximize reliability of isolated microgrid power systems.

Employed unique mukobjective optimization operats to enable tailoring of the
optimization results according to the preferences of the user.

Extensively tested and verified the developed models and equations wiifereal
production data of already operational wind and solar power systems.

Designed ad optimized (with the new DEB method) small, medium, large and
communitysized isolated microgrid systems using {liéalpower demand data.

Compared and benchmarked the resulting configurations with configurations
determined by HOMER. In all cases thevieEB method outperformed HOMER,
obtaining more reasonable solutions which were less costly, more reliable, and also

more environmentally friendly, hereby confirming the validity of the new method as

wel | as itbés superiority to competing app
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Now that themicrogrid system design dilemma is solvelde ihext step would be to
obtain grantandor other funding to actually builceatlife isolatedmicrogrid powersystemsin
particular in areas of the world theestill not electrified A major areaof future research
would be improving the control scheme to opethésemicrogridsystemsat maximum
efficiency. The longterm ambition of this dissertatiamould beto provide guidance and be a
leading resource for engineavho are designingiicrogridsystemdor disadvantaged people in

the world.

6.7 Summary of Chapter 6

In chapter 6, the DEB method was tested and verifizitferent types omicrogrid
systemswith different power demand profiles, and different sizes, were designed with the DEB
method. The results were verified with the kébunting procedure to ensure viability, as well as
compared to designs by HOMER.onclusions were madaccomplishmentaere summarized,

and plans for futurevork were also outlined in this chapter.
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