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Abstract

Microgrids and Milti-Energy System@MES) are emerging more and more as fundamental elerimetits
undergoing transition towards cleaner and more sustainable energy sytenkey feature that makes
microgrids and MES appealingtisat they carharvestin a capillary vay thedegrees of freedomwiffered

by Distributed Energy Resources (DER) coordinatelymanage thermn orderto improve overall system
efficiency. Furthermore, in virtue dfieir operationaflexibility, microgrids are particularlguited for the
integraton of nondispatchable Renewable Energy Sour@@ES)in the generation mixsince they can
more effectively cope with theintermittentnature

This thesis focuses on the development of optimization algoritbazed on Mixed Integer Linear Pro-
gramming(MILP), for thecentral strategic contrelr of microgrids and MES, often referred to as Energy
Management System (EM$Jormal scheduling optimizatipbased on the forecastslofdd and RES gen-
eration,is very dfective in reducing the system overall operating eostin allowing for higher renewable
penetrationOn the other hangbredictive scheduling optimization mustcount fothe nondeterministic
nature of forecastto ensure safe retime system opetimn. Two alternative MILP formulations of the
scheduling problem arhereforeproposed and numerically testeddeterministic formulation, indirectly
accounting for forecast uncertainty through the introduction of spinning reserve constraints, aed a mor
advanced formulation based on the Affinely Adjustable Robust Optimizg&i@RO) theory, which ex-
plicitly addresses uncertainty by definiogtimal decision ruls that prescribedjustnents tahe dispatch
solutionas a function of thebserved forecastrrors

The two formulations are compargdanextensive numerical analysegcounting for threesaltlife case
studiesrepresentativef on and offgrid systemsDifferent EMS featuring the two formulations are pro-
posed and numerically testaahder various assumptions on the capabilities tae@rchitectureof the
controlsystem.The comparison highlights how the AARO formulatiorpaticularly suited foapplica-
tions where forecast uncertainty is high and the possibilityafifying commitment decisions during real
time operations limited.

Based on the developed deterministic problem formulatitwodayersEMSis proposed for offyrid elec-
tric hybrid micogrids comprisinga set ofdispatchable generatora battery stack, and a PV fiel@he
EMS is suited for the minutiey-minutemicrogrid controf featuring a second layer compatible with direct
implementationon the systenProgrammabld_ogic Controller (PLC). The proposedEMS is compared
with anEMS provided by the industrial partner ENGIE Egdemonstratings potentialin attaining better
economic performance while at the same tinoeeasing theshare ofenewableenergy generation
Finally,aMILP-basedlgorithm for the optimal desigand managemenf off-grid microgrids is proposed,
for application taregional electrification plannind.he algorithm identifies the best microgrid design by
selecting components from a discrete catatognodds, accounting for their expected optimal scheduling
profiles and considering the effect dipatch decisions on componentsaring The comparison with a
heuristicalgorithm developed by the MIT Universal Energy lamfirms once more the potential o&th
MILP-based approach, both in termscost reduction and renewable penetration increase.






Sommario

Le microreti e i sistemi MultEnergy (SME) si stanno affermando sempre di pill come potenziali elementi
chiave nella transizione verso sistema energieb piu pulito e sostenibild.a caratteristica fondamentale
di microreti e $/1E € la possibilita di sfruttare in maniera capillare i gradi di liberta offerti dalle Risorse

Energetiche Distribuite (RED)Xontrollandolein maniera coordinata al fine di migor ar e | 6 ef f i ¢
complessivadel sistema. Inoltre, grazie alla loro flessibilita operativa, le microreti sono particolarmente
adatte per | 6integrazione nel mi x energetico di F

poichépossono piu dicacemente gestire la loraturaintermittente.

Questo lavoro diesi trdta lo sviluppo di algoritmi di ottimizzazione basati sulla Programmazione Mista
Lineare Intera (PMLI), da integrarsi nel controllore strategico centrale di microreti e SME, normalmente
definito Energy Management System (EMB)6 ot t i mi z z a z ia gastone fdigisorsdadsata d e | |
sulle previsioni di generazione da FGR e di carfma) garantire significativeantaggi in termini di
riduzione dei costi operativi, e pud consentire il raggiungimento di piu alti livelli di penetrazione da
rinnovabile. L6 anmizzazione predittivadella gestione deve perfare i conti conla natura non
deterministica delle previsioni, in modo da garantineaffidabile funzionamento del sistenRer questa

ragione, due formulazioni PMLI alternative del probleraidnificazicne della gestione sono proposte e

testate numericamee; una formulazione deterministica, che considerain mamdra r et t a | 6i nc e
attraversol 6 a d i di vircaliedi riserva, e una formulazione piu avanzata basata sulla tecnica
del | 6ottirmibazsdai oanfef i ne, che tratta wesplicitament

correzione per adattare i profili di dispacciamento a seconda degli errori di previsione osservati.

Le due formulazioni sonconfrontate per mezzo di una estesa campagsiandlazioni, considerando tre

casi studio rappresentativi di sistemi reali, sia in isola che connessi alBivetesi EMS basati sulle due
formulazioni sono proposti e tesi numericamente, considerando una varieta di assunzioni sulle capacita
e sulb struttura del sistema di controlld. confronto dimostra come la formulazione robusta é
particolarmenteadattaad applicaziomi n ¢ u i | 6i ncertezza delle previsi
modificare in tempo reale lo stato operativo delle uhilienitata.

Sulla base della formulazione deterministica sviluppsit& poi propostaun EMS a due livelli per la
gestione di microreti elettriche ibride.6 E Mi®postoe statoconfrontato con un EMS fornito dal partner
industriale ENGIE Eps, dimostrda come il primo sigpotenzialmente in grado di garantire un miglior
risultato economice di aumentare allo stesso tempo la penetrazione da fonte rinnovabile.

I nfine, S i - sviluppato un algoritmo batometdo su P
microreti in isola, da utilizzarsi nel contesto de
e in grado di indentificare il miglior progetto di microrete selezionando i componenti da un catalogo discreto

di modelli, considenad o il | oro profilo atteso di funzionamen
sull usura di al cuni dei component i . Léal goritmo
dal MIT Universal Energy Access Lalbonfermando ancoraunaVv t a i | potenzial e del

sia in termidi di riduzione di costo che di aumento della penetrazione rinnovabile.
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1 INTRODUCTION

Thethreat posed bylimate changéo the environmental stability of oBfanetis becoming more and more
apparent as years go Iihe alarming reports of the International Panel on Climate CHahgmllecting
all scientificfindings thatindicate the anthropogengause of climate change adeéscribingthe expected
effects ofglobal warmingwell attesthe urgency for an immediate and effectiransition to a cleaner and
sustainableconomy.

The scenariod2] that aim at limitingthe average planet temperatimereasebelow 2°C(the threshold
above whichmost of thesevere consequenceafsclimate changéurn from likely to almost certaif8]) call

for a dramatiaedudion in theemission of greenhouse gast&sbe achievedvithin a few decadefom
now. This implies a disruptiveeshape othe primary energgupply mix with a phaseout of fossil fuels

in favor of zereemissiongechnologiemandRenewabléEnergySourcesRES)which should affect b sec-
torsof energy consumptior major contribution is also expected framprovements iknergy conversion
and utilizationefficiency, whichalready have fundamental rolén reducing the impact ofearly energy
demandincrease: according to thatérnationalEnergy Agency[2], improvements irenergy efficiency
alreadyhave the merit ofutting by 50%the expansion rate ajlobal primary energgemand which is
neverthelespredicted to grovby 25% within 204Q In fully developed economies, improvements in the
efficiency of energy production andagehavealready stabilized primary energy demand, decoupling eco-
nomic growthindexes and gross energy consumpf@in New regulations on energy efficiency and the
adoption of more advanceadchnological solutions ka been the keyin attairing this important result.
Energy consumption increagethereforemainly driven bydeveloping countriehere per capita energy
consumption is still very lovj4]. India leads the rankswith the countryprimary energy demanithat is
expected to more than double by 204@jle Chinafollows close behindalthoughits need for additional
energy is growingt a slowing pacf]. In third placefor expectegrimaryerergy consumptiomcrease

is Africa, wherethe industrialization rate hgstto fully trigger. Supportingin a sustainable wafe socie
economical and industrigkowth of developing countriewill , thereforepe one of théauge challenges of
this centuy: as opposed to developed nations, which can now aim at cutting emissions after a century of
unregulated and fossil fubbsed industrial development, developing natwills rapidly need tofind a
balance between supporting their econoexipansiorand dealig with the consequenceseaivironmen-
tally non-sustainable development.

The powersector isexpected tdead theenergydecarbonization process. Currentiectricity generation
accounts for about orthird of global CO2 emissionand abou#t0% of globa primary energy consump-
tion [5]. This share appears to be destined to geseglectricitynight become areferential vectoto meet
final energy neds primarily as a consequence of the electrification of the transports §glctor

The interest in RES as a potential solutioretducethe environmental impact of tip@wersector and the
substantial investments that have been directed to research and develdgrRiesttechnologiedas led
in the last decad® a sharp decreasetheir cost According to IRENA7] the Levelized Cost of Electricity
from most RES is already competitive withewenlower than generation cobm fossil fuek, without
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accounting for governmental economic incentivBlse cost reduction trend is impressiue the period
20102017 he LCOE from utilityscale projects has dropped by 73% for solar PV systems, and by 23% for
onshorewind generation, and it is expected to decrease even further in the next years. In 2018, half of the
total growth in installeclectric generation capacitgame fromwind andsolar[5], demonstrating that,
although still marginal in theverall energy generation balance, Ri& destined to be the key benear

future power sector evolution

Once their installment cost has been accoulR&s virtually produce energy at no cost, but without mas-
sive investments in storage systems they are not capable of consistenihg theetnergydemand since

the generation potentialf most RESs determined by nenontrollable environmental factors thaight
notalways ensure sufficieenergyproduction to supply the electdemandThe main obstacle to attaining
very high RES penetration is theved posed by the non-controllable nature, which complicates their
largescale integration in thelectricity generation system. The drop in RES installment cosbhabe
other handeen recently followed by a reductianthe cost oklectrochemicastorage systemsoth be-
cause of thir application in combination with RES abdcausef the rise of electric mobilityLithium-

ion batteies whichin 2017 covered for about 60% of the total installed electrochemical storage capacity,
reduced of an ordeff mmagnitude their price in less than a decging froman average battery pack cost
of 1160 $/kwh in 2010 to 176 $/kwh in 2018]. This has opaed acompletely new perspective e
potentialrole of electrochemical storage the power sectothat goes beyond afjrid applicationsUtility -
scale storagBatteryEnergy StorageSystems(BESS)to provideancillary services to thelectricgrid are
alreadyeconomially viable, andinteresting business moddisised on theoordinated management of
behindthe-meter batteriefor demaneside response are being propbis.

TheundergoingDigital Revolutionrepresents aopportuniy in terms ofemergingechnologicatesources

that carcontribute tqoutting into effectthe describedenergy transitiorDigitalizationrefers to the increas-

ingly pervasiverole that Information and Communication Technologies (ICT) have in modern tech-
nological systemslhe practicaleffectsof digitalizationareaneasines# collectingdatathat has no prec-
edentsandmore importantithe possibility oestablishingadvancedligital networks comprising a variety

of interconnectedechnological devicesommunicating with one anotheklthough always characterized

by the use of digital technologies, digitalization of energy systems has accelerated at an astounding rate
global investment in digital electricity infrastructure and software has grown by over 20% annually since
2014, reaching USD 47 billion in 20180]. Specifically, system digitalizatioprovides manypportunities

for increasingenergyefficiencyand reducing costs ilomestic andndustrial systemsSmart HVAC sys-

tems for buildingsallow to better modulate the supply of heating aodling services, adapting to the
behavior of thausers anaffering the possibility of implementing demaisitie response actions price
signals from the electric griGimilarly, an increase in the flexibility afdustrialproduction processesd

beter management of energy generation and consumptioncamitsyprove productivity while reducing
energy consumption.

Theincreasingheed ofextensiveRESdeploymentcombined with the opportunities deriving frasgstems
digitalizationand the need fa noreefficientenergyconsumptiorpaves the way fdahe rise ofdistributed

12



smartenergy gstemsinterconnedhg a variety ofDER (includingnon-controllable REpandcoordinaing
thdr operationalong withany opportunity fodemaneside responst attain systemienergetic and eco-
nomicaloperationahdvantage In this scenariahe development aidvanceaptimization algorithmshat
fully exploit the opportunitiesffered bydecentralized and coordinatBéR controlis anessentibstep of
the energy transition.

Scope of Work

This thesisaddresseshe definition ofmathematical optimization techniques fbe efficient predictive
management of distributed smart energy systems, often referredficragrids or more broadlyMulti-
Energy System3he application of the proposed algorithms is numerically assessedlkife test cases,
characterized based on datas#tslemand and RES generation potential profies/ided by industrial
partners The case stugs encompas$goth grid-connected and offrid applications of the concept of mi-
crogrid deployed both in developing and developed countResticular attention is paid 8ystemdea-
turing a high penetration of RESvhich arethereforemore affected byhe intermittencyof RES power
output,in addition tothe stochasticity dbad profiles.The thesis is structured the following Chapters

- Chapter 1depicts the role of Microgrids and MulEnergy Systemis the current energy scenario,
discussing theipotentialapplication agrid-connected and offrid systems

- Chapter 2 examines the solutions that have been propos#utk literaturefor the optimal man-
agement of microgridsyith a particular focusn optimization techniques based on Mixed Integer
Linear ProgrammingMILP);

- Chapter 3andChapter 4 propose two alternativiellLP formulations for theoptimal scheduling
problem ofageneric MultiEnergy System;haracterized by a different approdoHRES genera-
tion and load uncertainty;

- Chapter 5 andChapter 6 compare the performance of the two proposed formulantegrating
the optimization models ithe EMS of three realife microgrids differentEMS architecture are
proposed and numerically tedfeccounting fothe effect of uncertainty on system operation

- Chapter 7 proposesand numerically evaluatem advancedwo-layerspredictive EMSfor the
minuteby-minute management difybrid off-grid microgrics, based orthe scheduling problem
formulation presented in Chapter 3

- Chapter 8 develops an adaptation of the scheduling problem formulatimduced incChapter 3,
to tackle the problem ofoptimal discreteomponentselection for offgrid hybrid microgrids

- Chapter 9 summarizes the finihgs of thedoctoral thesignd outlines future developments con-
nected to this work.

Publications

The papers included in this thesis are Paper |, PapadPaper Il of the list below. With regard to these,
I am the first author, responsible of the ralog, the simulations and part of the writing. Significant parts
of the Chapterd, 5, 7 and 8are selfcitations from previous mentioned papers. As reported in Elsevier
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policy, as author of these articles, | retain the right to include the journagaftiltlor in part, in a thesis
or dissertation without any permissi@tarting from the results shown @hapter 6 dourth Papelis cur-
rently under writing

Paper |

L. Moretti, S. Pol i meni , L. Me rAaskesding,the impact@fabvo n i S
layer predictive dispatch algorithm on design and operation e§df hybrid microgrids &enewable
Energy vol. 143, pp 1439.453,May 2019

Paper I

L. Moretti, M. Astolfi, C. Vergara, E. Macchi, J. |. Pémiaga, and GMa n z o A derign and dispatch
optimization algorithm based on mixed integer linear programming for rural electrificatépplied
Energy vol. 233 234, pp. 11041121, Jan. 2019

Paper Il

L. Moretti, E. Martelli, G. ManzolinifiAn efficient robust optimization model for the unit commitment and
dispatch of multenergy systems and microgridsgubmitted to Applied Energy
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2 MICROGRIDS AND MULTI-ENERGY SYSTEMS

ThisChapter introduces the conceptMicrogrid andMulti-EnergySystem(MES)and discusses their role
int o d @nerm@yssystemPractical examples of redife systems are identified and discussetgvant for
both offgrid and gridconnected application3he typicahierarchicalstructure othecontrol system over-
seeing the operation of a microgridormally referred to as Energy Management SysterBMS is pre-
sented, identifying theontrol levels that will bedeveloped irthe present workDifferent goproaches to
microgrid management are discussed, focusing on centralized EMS feanathgmatical optimization
of strategic scheduling decisioriBareealternativeapproacheshave beerproposed in literaturdor the
formulation oftheoptimalscheduling problem for microgrids and MEfased on the Mixed Integer Linear
Programming techniqueleterministic, stochastic and robust formulatidhe objective of this thesis is to
formulatetwo alternative versions of the scheduling problem for a igghES or multi-good microgrid,
respectively based on the deterministic and robust approachicacoimpare theperformance oEMS
respectively featuring the formandthe latter.

The US Department of Energlefinesa microgridasiia group of interconréed loads and Distributed
Energy Resources (DER) within clearly defined electrical boundaries that acts as a single controllable entity
with respect to the grid. A microgrid can connect and disconnect from the grid to enable it to operate in
both gridcomected or islandhoded [11]. DER include botttontrollable and nogontrollablegeneration
units(e.g.internalcombustiongeneratorsPhotoVoltaic(PV) array9 andany type ofstorage systenig.g.
batteries, compressed air systerigiis definition is targetinga specificdeclination of the concept of mi-
crogrid,identifyingthelargesubset o€lectricmicrogrids which operate jparallel with the national electric
network A microgrid might, on the other hand, not be designed to operate independently from the main
network, or equivalently not foresee a connection with any external electrical system. Furthermore, alt-
hough the presence of the electric energy vectorfim@amental characteristic afiost realworld mi-
crogrids, often thesesystens arededicatedalsoto the suply of different forms of energy other than elec-
tricity, such as heatg andor cooling.Indeed the management of multiple energy vectors and energy
related services (e.mternalproductionprocessedransport serviceganbe effectivelyintegrated within

a microgrid exchangng within its boundaries a multitude of physical and virtual goaaidinteracting

with avariety ofexternal systemsther than the national gridhis broader management approach allows

to exploit synergies in thenergy conversion processes, as well as to efficiently plan activities within the
microgrid to increase system reliability and economic performartoe describedntegrated systems are
referred to as MukEnergySystems (MESdr Multi-EnergyMicro-Grids MEMG) [12].

Indeed, the key featurelefiningan MES are

1) The presencewithin the MESof an arbitrary combination dDER and loadsinterconnected by
local distributionnetworks dealing different formef energy andpotentially interacting with ex-
ternalnetworks (e.g. main gridlistrict heating, othe¥lES);

2) The presence @flocal control systepoverseeingheinternalmanagementf all unitsanddefining
theinteractionof the MES seen as a single entiwyith all externalsystems
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Therefore MES constitutedecentralized control hubsapable of efficientlyappingtheinternal degrees of
freedomoffered by the local DER® supplyall internal demandand maximizeéhe economic advantage
for its usersby alsoaccounting for thénteractionof the MES with externalsystemsThe proposed defini-
tion encompassea multitude of practical systems, theanpotentiallyplay a key role irthe undergoing

evolution of the energy systetoth in developed and developing countries

2.1 Off-grid Microgrids

The oldestexample ofelectricoff-grid microgridsis constituted  thefirst electricDC systemsstaring

to emergearound the world in the late XIX centud/3]. Thefirst Europearpower plandates tdl883 and
was built in Milan (right beside theity Cathedral) to power the newly installed electric lightirng the
Teatro Alla Scalaand thesurroundingshops Similarly, all the initial applications of electrigenerators
were constituted by local electrical systems independent one from theTdtaarlectric serviceimdustry
then started to expand nationaltransmission networksnder a stateegulated monopoly arket inter-
connecting the various electric islands and originatiational gridsas we know it today. Independent
electrical systemthoughstill constitutethe only way of suppling electridty to remote locations which
cannot beonnectédto the main gd, such as geographical islands or remote communitiesarchipelago
of Hawaiiis a goodexample of electrical systestill based orndependenmicrogrids due to its geograph-
ical characteristicdts islands are divided iadifferent electric districts, not connected one angtiedying

on localpower plansto supply theenergydemand14]. Each districimust esureits own electric stability
and this poses significant obstacles in the envisioned transti@ri00% renewable generation portfolio
by 2045[15] from the currentlectricity generation mix primarily based on imporfedsil fuels which
makes the state of Hawaii theS state with the highest elicity cost[16].

Off-grid microgridsstill represenan alternative to grid extension for the electrification of rural regians
countries where the main giiglstill not thoroughly expandeat provides very low service reliabilitg its
customersAccess to affordable electricity supply is widely viewed as a key requirement to drive human
development and diminish poverty lévevorldwide. For this reason, the United Nations have set as part

of the 2030 Agenda for Sustainable Development the ambitious goal of reaching universal energy access
by 2030[17]. Local governments and regulators in many developing countries, supported by international
cooperation agencies, are therefore working on programs to extend enargy facdhe population in a
costeffective mannef18]. At the same time, in the last decade, the technological cost to supply rural
communities through local renewable enemgyrses (RES) such as wind and photovoltaic has dramatically
dropped 7], making offgrid systems an increasingly attractive alternative to grid extefls®nin many

cases, microgrids and standalone systems have the potential to beféectise solution to provide elec-

tricity access in areas sparsely covered by the national grid. Furthermore, they constitute the only viable
eledrification strategy for remote communities, which would otherwise unlikely be included in grid exten-
sion plang20]. The national grid still offers electricity at a cheaper price than installing and operating an
off-grid system, but its extension involves relevant costs for erecting new transmission lineslawel-

oping countries, is a solution that generally suffers fe@nificanttransmission losses arglassociated to

poor reliability[21], attributable to weaknesses in the national pesgetor managemer®n the contrary,
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microgrids have the potential tmnstitute reliable local supply systems, which can potentially work both
in parallel with the national grid or independently from it. Furthermore, the local management of non
dispatchale generators and the cadtective inclusion of large storage systems abow for very high
penetration of renewable sources, contributing to lower the environmental impacinof#aese irenergy
consumptiordue to the electrification afew custorars, puting the basis for thdevelopmenof a national
electric system which is both economicdR2] and environmentallj23] sustainable.

DiesellnternalCombustionEngines(ICE) representhe traditionalgeneration choicéor smallscaleoff-
grid systemsin virtue of their highoperationafflexibility , high reliability, and lowcomplexityand cost
On the other hand, they pose a problmthin terms of environmental impaand final cost o€lectricity.
Diesel generatorgproducenitrogen oxides and particulate matter, that affect air quality and might cause
hedth problemto the local populatianFurthermore, theyare associatedith high levels of specific CO2
emissionsFinally, the cost ofliesel, increased by the fact that it needs to be shipybdse remote loca-
tions results in an extremely high LCOE, mainly attributable to the fuel Both. for environmental and
economic reasonsjodern offgrid microgrids aim ateachingvery high penetration fromiistributedRES
supported by storage systens reduce as much as possible diesel consum@ipnactical example of
large-scaleoff-grid microgrid is represented by the town of Garowe, Sonja#iy wherethe community
energy needs are supplieddgombination of diesel ICEs, a 750 kW wind farm arid5MW solar field,
supported by deadacid battery stackl he system is managed by our industrial partner ENGIE &k,
load and RES generation profiles are used to characterize the case studies in Chapters 5 and 6.

2.2 On-grid Microgrids

Microgrids have plenty of potential plications also in thgrid-connected worldA significant number of
behindthemeterDER owned bymedium andsmaltscale consumeis alreadypresenin the power sys-
tem. Costeffective ongrid distributed generatiohas traditionally been associateddombined Heat and
Power (CHP) systemshese systems recoveasteheat produced asby-productfrom fuel-basedelec-
tricity generatiorand make use of it tsupplya thermalload. If most of the recovered heat is us&@HP
dramatically increasesverall systemefficiency,allowing to exploitmost of theprimary energy provided
by burningfuel: normally, CHP generators can reco86r90% of the chemical energyored in the com-
bustible. A largefraction ofenergyendusers such as industriesffices and householdahich together
account forabout 50% of total European primary energy consumptamuire the supply of both heat and
electricity. Energyintensive consumer&.g. industries with thermal production procestmge offices,
hospitalsand campusegjan attain significantost savings binstallingCHP generator® providepart or
all of the energy demands opposed to separat@lyrchasing electric energy from the grid and producing
heatwith natural gadired boilers

Microgrids capability ofserving asa local balancing pointintegrating the management d@ispatchable
DERs andnondispatchable RESnakes them capable pfaying a fundamentatole in fully developed
power systemsT hey can contribute ifimiting the impact ofincreagng distributed RESnstallationwithin
their boundariedy exploitingthe internal degrees of freedom offereddizRsand demandide response
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capacity tocontrol the entity of fluctuations in the energgclbange with the national gridr everprovide
balancing services to the giig responding t@xternalload variatiorsignals In this perspective, the con-

cept of Virtual Power Plant (VPP) has been recently prop@&gsignifying the idea that microgrids can
behave, at their connection point with the national grid, equivalently to a conventional power plant, by
tappingthe dispatchabilityof their DER to yield acontrollable net effect on the network. The idea of VPP
goes beyond the physical definition of naigrid boundaries, as tlvapacity ofa common EMS taoordi-

natke the operation of DERs can extend through communication netwodggtegatdERs that are geo-
graphically located in different aref6].

2.3 Microgrids Control

Determining he optimalschedulingof microgrids and Multi Energy Systems is no easy.t@$k-grid
microgridsand ongrid microgridsrequired to operate islanded mode must be ablegtearantee adequate
power quality to their customersthout relying on theelectricstability providedoby the main gridAt the
same timeit is necessarfor systems with high renewable penetratiomaximize the advantagesf re-
newable energy productipminimizing generation potentialrtailment to optimally achieve this objec-
tive oftendepends oeffectivdy planning theenergystoragestate ofcharge evolution, accounting for the
expected shoitierm RES productioto schedule the commitment of dispatchable generaBinsilarly,
complex MES featuringmany polygeneratiorunitsand intertwinednternalenergy balancesansupply a
given set of loadin a multitude of waysand itis generally hard testablish griory management ap-
proacheghat consistently ensure optimal system perfance Additionally, gid-connected microgrids
might gain substantial economic benefigsplaming in advanceheir interaction with the national grid
throughtheinternal scheduling of production and consumptlnsupplying ancillary services the grid
or by simplyadaptingo variable price signals.

It is therefore apparent how thécrogridscheduling problers generally a complex optimization problem,
affected bydynamicphenomenacting ondiverse temporal scaeT o separatelyacklethe variougem-
poral dimension®f microgrid contro] a multi-level control systerarchitecture iggenerallyproposed in
literature[27][28], addresig specific aspects of the management prolilemhierarchicafashion With
specific reference to electraystemswhich are themost complex in terms gthenomena associatedth
diverse temporal resolution®Jivares[29] identifies the followinghree control levels

Primary control it is the lowest control level, acting on the fastest dynamics (e.g. voltage and frequency
regulation 17 10 m9. Sincespeed and reliability are the main concerns, this levbtéstly addressetly
LocalControllers (LC), thatact based olocal systemstatusmeasurementd.his avoids delays and poten-

tial faults associatedith communications with other microgrelementsDroop control[30] is a typical
solutionto cope withinstantaneous fluctuations nét demangwhich represent the most critical example

of fast response requirement.

Secondarycontrol: it is responsible fofrequencyand voltageestorationas well as for th&entification
of theoptimal Unit Commitment (UC) anBiconomic Dspatch(ED) solution based orthe observedand
in some cases predicteddlues of demand and nalispatchable productiolhe microgrid UC is the
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operatng statusplanof each unitdefining when the unit must Issvitched on or offwhereas the ED is the
combination ofoperating setpoint®r the active unitshat minimizethe overall operating cas$ince it is
acting on alower time framgsecondary contralanbe based omore @mplexcalculation, andt is there-
fore suited for implementation on Microgrid Central Controller (MGCC)hich collects information
about thesystemstatusandidentifies theoptimalmanagement solutian the perspective averall system
performanceThis intermediatecontrol level is referred tby Olivaresasthe Energy Management System
(EMS).

Tertiary control: it is the highestontrol levelin the hierarctral structuredepicted by Olivares, antis
the level takinghe strategicmanagemendecisiongrelated to thénteractiors with external systemg.g.
supply of ancillary services to the grladding in the dayahead energy markby participating as Virtual
Power Plantand on themedium to long term evolution of exogenoustfas affecting the optimal mi-
crogrid management (e.g. renewable production poteatiatgy price profiles, expected demand).

Although usefuln identifying a reference hierarchical control structure, the proptest&ation of the con-
trol levelsshould ke considered flexible: tertiary control might be the lemetharge of defining the mi-
crogrid UC, patrticularly in the presence of rAtexible units which starip must be planned well in ad-
vance A longerterm perspective might also be importdat the definition ofthe referencestoragestate
of chargetrajectoy, to better account for its economic and operagfigct on the microgrid management
strategy Finally, MES that integratehe management afifferent gamds and services will need a hierar-
chical control structure suited to effectively deal withtdraporal scale characterizitige dynamic behav-
ior of each internatnergy vectar

This workis focused on the definition afptimizationalgorithms to addreghe two highelevels of the
described control structurl our definition, we consider as microgrid (or MES) EMS the combination of
secondary and tertiary control, although the EMSs proposed in this work are indeed structured in a hierar-
chicaltwo-levels subdivision which is consistent with ttlassification proposed by Olivares.

Two major EMS paradigms have been proposed in literature: decentralized and centraliz§@81EM$s
decentralized EMI82] decision making is performed by the LC of each unit, which estaliistoptimal
dispatch strategy based on the system comdiarameters that cdoe observe in its surroundings (e.g.

local voltage and frequency levels, unit current and past statu®)me casedecentralized EMSs can be
based orthe interactiondetweemeighboring LCs and the MGCC. The most popular panadifyjdecen-
tralized microgrid EMSs proposed in recent yésesyentbased control systems (or Muekftigent System,

MAS) [33]. MASis based on the idea that LCs interact via distributed communication networks, exchang-
ing biddings based on decentralized artificial intelligence algorithms which account for the behavior of
neighboring agents and on the evolution of the environmental bguomiaditiong34][35]. Decentralized
control algorithms appeabnsists in the creation afresilient communication netwaqitkat careffectively
address system contralso n caseof failure ofone of its partsinformation is also exchanged in a more
capillary and effective way between agents, rather ithhéime case oé radial information flow towards a
central control entity Finally, distributed control algorithms migbe well suited for fluid distributed
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networks comprising multiple private independent customers, which can connect and disconnect from the
network and aim at the maximization of thewn profit rather than of theverall performancg36]. On

the other handjiving upa centralized supervision tfe generalsystem statudoes not allowo perform
anoptimal coordinated decisiemakingprocesson theoperating plan of alDERS at the price of overall
performanceeduction Furthermore, centralized EMSs are easier to deploy in most practical cases, and for
microgrids with a single owner gpnstituted byindependenDER ownerghatgive upthe full control of

their unitsto a central coordinator (e.g. aggregatoecentralized EMSs are considered the most effective
control solution.

2.4 Centralized approachesnacrogrid management
As alreadydescribed, centralized microgrid management is overseegdmtial controllerfIGCC) tha:

1) monitors the overall system status (nanadlyelevant information regarding microgrid DERs and
loads;

2) is informed about the technical characteristitthe microgrid and of its units

3) often communicate with external systemproviding information useful forthe identification of
the optimalmicrogrid operating stratedg.g. RES generation and internal lofatecast profiles
price signals from theatwork).

TheMGCC then communicates the reference operating pldre ioCs continuouslyupdatingts decisions
to account for the actual system evolution with respettte@riginal plan.

Several technigudsave been proposéd address the MGC@ecision making proces$hesimplestap-
proachrelieson the definition of fixedchedulingpolicies that definghe scheduling plaas a function of
the observed system stat(s.g. load demand / RES contributiatiorage charge statuahd exogenous
boundary conditions€.g.network energy pric®. The scheduling policy can be baseddispatch priority
lists [37], or feature more complex evaluations that also account faytem evolution historyThis is

the case of the weknown Cycle Charge and Load Following management strategies fayridffmi-
crogrids[38], which constitute a benchmark fibre evaluatiormanagement algorithms in virtue of their
good performance and easyfield implementationA differentclass ofapproaches is based on the adop-
tion of metaheuristics, algorithms that perfornmeuristic search of thgpace encompassing all feasible
scheduling solutionw identify the optimal management strategy. These mettardbe used to formulate
predictiveinstances of the scheduling optimizatiaonldem, accounting for forecasts of load and RES gen-
erationin the definition of the commitment and dispatch pMataheuristidechniqguesdoptedn literature
includeGeneticAlgorithms(GA) [39][40], Particle Swarm Optimization (PS{1][42] and Ant Colony
Optimizatian (ACO) [43]. These methods have the advantage of introducing no restrioticihg com-
plexity of the systermperation modelingdn the other hand, they identify a solution which has no guarantee
of global optimality, which constitusea relevant limitation especially for complexcrogrid architectures
where theoptimal dispatch problens characterized by lage number of local minima. Furthermotlegy

are associatedith long computational times and inconsistent optimization outcomes die itwherently
stochastic behavior of their solution procgxsg.

20



One of the most successful technigregsorted intheliteratureto tacklethe optimal microgrid schedab

problem isconstituted by Mixed Integer Linear Programming (MILPhe MILP framework requires that

the scheduling problens iformulatedesorting only to linear equatiorigking the problem optimization
variables and defining the problem objective functin.the other hand, thanks to its structure the optimi-
zation problem can be solved by means of effics@hition algorihms, whichcan rapidly solve extremely
complicated problems providing a solution withextificate of global optimalitySeveral formulations of

the scheduling problem based on the MILP framework have been proposed in literature, dealing in different
ways with the problenof forecast uncertainty. The following Paragraph presents a detailed reisesef
formulations.

2.5 SchedulingOptimization based on Mixed Integer Linear Programming

As explained in the previolaragraphpredictiveschedulingoptimization relieson the forecast of exog-
enous factors, such as load and RES-dispatchable generation potential, to identify the optimal system
operatingplan On the other handh reatlife application it is essential @ccount fothenondeterministic
natureof forecass, since the actual profiles of predicted parameters will generally deviate from their ex-
pected behavighinderingthe optimality of the solutiomssociated to the forecasted profiles, amen
leadng to service outagein case ofwrong and nommodifiable operating decisioffhis requiremenis
particularly criticalfor isolated electric microgrids featuring a high installed capacity of intermittent renew-
ables which cannot rely on the national grid to balance instaotas fluctuations of electric net demand,
andor for systems with limited operational flexibility (units affected by limited ramp rates, longugtart
times, and/or poor turndown ratjddr which the actuation of corrective measures to the planned afurse
operation might be costly or technically unfeasilfle far as MILPbased approaches are concerrifd
ferenttechniquediave been proposed to cope with this isadéch can be classified into three main cate-
gories: deterministic formulations with rege requirements, stochastic programmizagd robust optimi-
zation.

DeterministicMILP formulatiors account fora singlenominalforecast scenariand do not explicitly con-
sider the effect of forecast erroBeviation from brecasmustthus beaddressetly the lowelevel of the
control system. A degree of conservativeness is imposed in the nowlunébrs by introducingreserve
constraints, which require that the identified optimal sched@imsres operatingiargins for reatime
dispatchcorrectionsReserve constraints, particularlytire context oélectrial systems, are often referred
to asspinning reserveequirementsince they implhthat the committedinits (readily available for set
point adjustments) provide enough generat@pacity to compensate potential net demand deviations from
forecastExamples of deterministic formulation of the schedupngblemare[44], where the approach is
adoptedor the optimal management effid hybrid microgrid and[45], where a MILPbased determinis-
tic optimization model is proposed for the optimal schedulinGahbined Cooling Heating and Power
(CCHP) system®Pespite being an extremely simple approédias the merit ohllowing for the definition

of very complex and detailed system models, which wgujaly an excessive computational complexity
if replicated resorting to the other formulation approaches. Furtheriteocenservativeness can be tuned
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by acting on the spinning reserve requiremdritsally, by frequently updating thechedulingsolutionand,
if possible, the forecasts inpdibrecast errorsan be identified and addressed

Stochastic programmingefinesinsteada family of potentiamarifestations of the uncertain problem pa-
rameterge.g.realizations of demand and RES generatiearh associateslith a probability of occur-

rence Theoptimalsolution minimizes the expected value of the operatingaoastunting foall considered
scenario$46]. Most stochastic formulations propodaditerature esort to @awo-stageformulation,which

divides problem variables to two groupsfiHe r e a nd n oanedecided befosmbsereirg the
actualrealization of uncertain profileand their value is se¢égardless of thactualuncertaity manifesta-

tion. These variables include the definition of the UC plan andpbeating set points of netexible units.

fiWai t a madablesarean the other harstenariedependentandthey areoptimizedbased orthe

actual scenaricealization Alipour et al.[47] propose a twstage stochastic integer program for the optimal
scheduling of CHP systenrsegratedwith a thermal storage arsibject to market and load uncertainties.
Martinez et al[48] developed a twatage stochastic programming formulation for grichnected mi-
crogrids where fst-stage decisions are the conventional generation schedules and load set points, while
secondstage decisions are electricity exchanges with the main grid as well as load adjustments. Cardoso et
al. [49] propose a twsstage Stochastic Linear Programming model for battery scheduling of a microgrid.
Therobustnesand the averagperformanceof the solutims identified through stochastic programming
areon the other hand closesiffected by the number atlde representativeness of electedscenarios

To obtain a robust and effective solution, a large number of scenarios must be considered which increase
the computational complexity of the stochastic program, calling for advanced decomposition techniques
(e. g. Benders6 decomposition). Further more, in or
their likelihood, it is necessary to know thatsstical distribution of all uncertainty factors, which is not
always available.

Robust optimizatiorf17], as opposed to stochastic optimization, defines uncertaintynzgthtematical
space(calleduncertainty set and therefore as all infinite potential realizations within the uncertainty set,
regardless of theiikelihood. Theidentified solutionis feasible for all possible realizations encompassed

by the uncertainty spacegnsistentlyensuring safe system operatioMajidi et al.[18] apply the robust
approach proposed by Bertsimas &ith [19] for discrete optimization problems toet optimal scheduling

of CHP systems with demand response programs, considering uncertain electric demand and energy prices.
To reduce the solution conservativeness and improve performatoasstage problem formulation (re-

ferred to as Adjustable Robu@ptimization, ARO)an be adoptedby accounting for corrective measures

to the first stage solution which depend on the uncertainty manifesta@ipriwo main families of ARO

approaches have been presented in the Iliterature.
adapt i AR®problentishselved according to alével algorithm: the uppdevel problem is asso-
ciated to first stage decisions (e.g. commitment variables), while the-lowev e | addresses the

dispatch problem associated to the waeste uncertainty adization. Iterating between the two levels, ei-
ther using dual information and a Bendkke algorithm[21] or imposing KKT conditions on the lower
level problem and using tlelumnand-constraints genation algorithm{22], it is possible to refine first
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stage decisions until the robust optimal commitment is identified. This kind of apgrasadteen recently

applied to the optimal daghead scheduling of electric microgri@3][24] and MES[25], showing how

the robust formulation can ensure higher system reliability and lower objective function volatility with
respect to both deterministic astthchastic optimization methods. In the second family of approaches, sec-
ond stage variables are expressed as a priori defined funaieeisi¢n rulg of the realization of uncer-

tainty [26]. Expressing second stage variables according to predefined mathematical functions limits the
space of possible recourse actions with respect to the previous family of approaches. On the other hand, it
provides decision rules which could be effectively used to cope with the realization of the uncertainty fac-
tors during the redime operation of the systems while preserving feasibility. Affine decision rules (e.g.
linear with respect to uncertainty) are natiy adopted to ensure problem tractability, although they may

lead to a sulmptimal solution in comparison with fully adaptive formulati¢@g]. Bertsimas and Goyal

[28] have on the other hand shown that piatse linear decision rules are optimal for adaptive optimiza-

tion problems. Concerning the operation of energtesys,Zugno et al[29] proposed an Affinely ARO

(AARO) formulation featuring piecwise decision rules, for the optimr@mmitment of CHP power plants
subject to uncertain head demand and electricity gResults show that, compared to the stochastic pro-
gramming approach, the AARO formulation can guarantee zero outages (heat demand not served) with a
limited revenue reduion due to the additional solution conservativen@#tarhaet al.[30] demonstrate

the direct applicability of AARO decision rules as bidding strategy for a grid connect8EBS system

slbject to uncertain solar generation potential and energy prices. Lorca et al. thoroughly explore the appli-
cation of AARO to the UC of largscale power systems with uncertain nodal power injection, proposing
improved solution algorithms to deal withthe mp | exi ty of the probl em. To
though, there is no evidence in the literature for an AARO formulation explicitly considering MES subject

to multiple uncertain demands (e.g., electricity and heat) and RES production.

The present worls dedicated to the development and comparison of two alternative MILP formulations of
the optimal scheduling problem, for a gendiES or Mult-Good MicroGrid (MEMG). Specifically, the

two general formulationgresented in Chapt&rand Chapted are respectively basexh the deterministic

and theaffinely adjustableobustappr@achesto compare a very simple yet effectaygproach to predictive
scheduling optimization with a complex mathematical instrurftentsed on ensuring service reliability in

all scenariosVarious declinations divo-layers EMS are defined in the following Chapters, and the adop-
tion ofthe twoformulatiorsin different contextss discussed bjneans of a extensivanumericalcampaign
exploringdifferent off-grid and gridconnectedeallife case studies.
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3 DETERMINISTIC SCHEDULING PROBLEM FORMULATION

ThisChapter introduces a generdéterministidMILP formulationof theUnit Commitment (UC) and Eco-

nomic Dispatch (EDpptimization problenfor a genericMulti Energy System(MES). The formulation

allows to flexibly represnt a wide variety of potential applications, through the definition of classes of
components that encompass most of the units generally installed in real systems. Starting from a basic
description of thestandardmodeling approach for each component claiferentdeclinations of the ap-

proach are discussed, to depict a general modeling strategy that can be aaleqeding to the specific
characteristics of potentiakal-life problem instances. Schedulingtimization is based on the expected
values ofall exogenous factors that affect system operagom load consumption patterrenvironmental
conditiong over the optimization planningvindow Uncertainty is accounted for by means of spinning
reserve constraints, that increase solutammservativeness and ensure margins for-timaé corrections.

An example oé practical system modeled by means of the proposed methodology is discussed at the end
of the Chapter.

In this Chaptera purely deterministi®ILP formulationof the scheduling problemwf a generic MESs
presentedA general schematization o MES is obtained by grouping the componentslasses of ele-
ments, for whicha set ofmodeling equationis presented and discussdthe deterministic approaadoes

not directly addresshe problem of forecast accura®tatedto the nordeterministic nature of the exoge-
nous factors expected profilddodifications to the scheduling solution made necessary by forecast errors
are addressed by the lower levels of the @britystem.The introduction of constraints to increase the
conservativeness of timminalsolutionand ensure margins for reihe correctionss discussed ifPar-
agraph3.5, while thelower leveladjustment strategies that are requireddjustthe solutionduring real

time operatiorare discussed at length in the following Chapters.

3.1 Problem Statement
Theset of componentsonstituting agenericMES compriseof:

- theset ofcontrollableunits§ ~  can be split irunitsi that consume external inputs (ael9
and unitg that consuménputsproduced within the MES itself;

- theset ofnontcontrollableunits (e.g., intermittent renewable sourceésy;

- theset ofstoragesystems’ ;

- theset of loads , partitionable in controllable loads and norcontrollableloads™

- theset ofexternalnetworks™ which can moneor bi-directionally trade goodsith the MES

A schematic representation of the gen®BISis depicted irFigurel.

Energy @mand profiles and the profiles of environmental conditions, which among other thingsmeterm

the generation potential of natispatchable sourcésw, represent the problem exogenous variables, in

the sense that they are part of the boundary conditions defining the optimal dispatch problem and with
respect to which the optimal solution is mii@ed. Environmental conditions might also influence how
someof theMES components operate (e.g. ambient temperature affecting the performages tdirbine).
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Forecast profiles for all necontrollable exogenous factothereforeconstitute a necsary input that must

be defined in order to address the optimal dispatch problem. Several techniques (e.g., physicfishodels
machine learnin§s6][57] or statistical techigjues[58]) are available for this task. Forecasts are necessary
to fully define the problem, in order to identify the ioml schedulingUC andED) of the MES.

-
.

i — Local energy networks

7} A K A N 5
f ND Dispatchable machines
BN F T v 1 F consuming fuel
<D1; Dispatchable machines
f, consuming goods
— R 1 Nontdispatchable
I v X .
7y 7y machines
<
X ! v Storages
D,
. B, B, Networks
n H l A —] NDh
. ‘ |
v A 4
EV

Figure 1: MESgeneral scheme

The optimé&scheduling problem can be defined as folloB&ssed on

- Forecastedemandrofile of eachinternalmicrogrid good;

- Forecastegeneratiorpotentialprofile of all non-dispatchable units

- Technical constraintasnd parioad performance maps obntrollableunits

- Technical parameters, including capacity and cHdiggharge efficiency, defining atorage sys-
tems

- Transmission capacity abnnections t@xternalnetworks, and purchaselling price profiles;

the objective is to determine the optimal systerarating schedulever the simulation time horizon, com-
prising commitmenstatus anaperating setpointf all controllableunits More specifically problemop-
timization variables include:

- Input consumptioprofile for all dispatchablenachines * p;

- Chargédischargeprofilesfor all storage systenis

- Exchangeprofileswith all external networks ;

- Production artailmentprofilesfor all nondispatchable units w;
- Supply profile of all dispatchable goods ;

- Non-served load profile for all microgrid loads

Theoptimizationobjective function is to minimize the overaltpectednicrogridoperating cost, account-
ing for:
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- Cost of consumeditls by machines ;

- Operation and Maintenan¢®&M) costsfor all units

- Costgrevenues connected to trading with external networks

- Cost of norserved demanfbr all loads™ ;

- Any virtual costdefined to represent desirable solution characteristics.

3.2 Multi-EnergySystemArchitecture

As already mentionedh¢ generalMES representation shown ffigurel is suitedfor modelinga wide
range of applicationghat can beschematizedn a modular waystartingfrom the following elemental
componentlasses

- Controllable units™ : units that converaninput into output/s, according to an operating space
map linking the consumption ratethieinput to the production rate tfeoutput/sWhen the unit
is active the management system aaoveits operating pointvithin the operating spaceyhile
subject taall technicallimitations specified forthe unit.The consumed input can either be an in-
ternal microgrid goodmachines subs) or an externaluel (machinesubset ), purchased at a
known pricewhich canbe timedependent

- Non-controllable units = w: all generation unit&/hich operating point cannot be controlled freely
by the management systegince it is mainly determined lexogenous factordhe management
system might still be able to connklisconnect the unit and/or to curtail partitsf maximum
generation potential

- Storages’ : all units capable ofstoringan internaMES good accorihg to storagechargédis-
chargéself-discharge efficiencies

- Networks ™ : all external systems capableteddinggoodswith the MES. According to their di-
rection, échangesre associatedith a purchasiselling price, which cabetime-dependent

- Loads " : internal consumption pointsequestinghe supply of goods according tareference
consumption profile which caim the case of dispatchable loads beinfluencedby theEMS;

- Connectors: elements representingjrectional transferring connections, converting one mi-
crogrid good to another accordingitetransfer efficiency.

The set of all goods exchanged within the microgrid is definéd 8sme goods ia might not be associ-
atedwith an internal load, or converselye associated withsetof loads™ P ~

Each ofthe presenteeélementss represented by means afstandard set of constraintghich may be
adaptedaccording tadherepresentatiochoices bessuitedfor the specifiaunit/problem instanceAll con-
straintsdefining the modeling approadbr each element clagge presented in detail iRaragraptB.4,
specifying in detailvhich arethe optimization variables and the paramegssociateavith each unit.

3.3 Objective function
The optimization process aims at minimizthgoverallMES costfunction orobjective functionDifferent
objective functions can be defined, accordingthe target of the optimizatigorocess(e.g. fuel cost,
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limitation of control variablesleviations with respect tine scheduled plarpollutants emissionshn this
work the objective function is defined as an equivalent cost imdexprising all opeaating costs associated
to the microgridunits, thevalue of tradeswith all externalnetworks, andhe penaization associated to
failing at supplyinginternaldemand. In addition to these physical cost indexes, a series of virtual cost
termsis also intoduced which serve the function adiscerningamongotherwise equivalergolutionsthe
one best suitetbr practical implementatiorVirtual cost terms comprisgetpoint variation penaltylissi-
pationpenalizationand finalstorage chargealorization:

60 &y, O & &, & & owo D (1)

Y o N :

Where

- &)ﬁ is the fuel cost for machin® i ;

- @ isthe operation and maintenance cost for mastEindstorage @~ *;
- &)ﬁ is the costevenue associatedth tradeswith network® ~ ;

- @y isthe penalty fotheunmet demanétom load'@ ~;

- (I)ﬁ is the virtual sepoint variation cost for machiri@~ ;

- Gy isthe virtual dissipation cost for go&® 1;

- U0 isthe virtual final charge valorization for stordge * .

Virtual cost érms have an impact on the overall objective fundtiahis tuned accordirtg the importance
attributed to thecharacteristicshey representAs a general rule, their impact on the objective function
should be marginal with respect to the physical tosts.

3.4 Components Modeling

3.4.1 Controllableunits

The set of controllablenits is divided irto machinesconsuming external inpugs.e. fuels) i , and
machines consuminigpputs producednternaly p (Figure1). Only singleinput / multipleoutputs ma-
chinesaccounted for in the formulation presented in this Chdptgr single degree of freedom unjtsit
the modelingapproachcan be extended to account for units withltiple degres of freedom[59]. The
decision variables defining the opting status of each dispatchable machim@ach problem timestep
oare

- Binary commitment variablé , equal to 1 when the machine is in operation
- Inputconsumption raté®
- Outputproduction rate N s , whereQs the number of machine outputs.

The key element in the representation of a controllable machingarit®adcurve,indicatingthe input
outputfunctional dependendpatdescribesll possible operating pointsr the unit. For machines with a
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single degree of freedortheproduction rate of all outputs is univocally determined as function of the input
consumption rate, according to thertloadcurve™@ Q&

- Qe bon @)
As indicatedn Eq(2), the shape of thimputi outputoff-design curvé@ might depend othe environ-

mental condition® (e.g. ambientemperature, radiation, humidity, etdProvided that the expected pro-
file of @ andits effect onfunction™@ are both knownthe partioad curve can be adapted in ediohe-

step to account forchanges in thenachine input output relation

In generalfunction™@ is not linear, and therefore cannot be directly introduced in the MILP formulation.
On the other hand nontlinearfunctioncan be approximateoly apiecewise linearfunction constituted
by a series of consecutiliaearsegmentsGiven the set of disetization points , which musincludethe
boundaries of theff-designcurve any operating pointaying onone of the segments tie piecewise
linearrepresentation 6fg can be obtainedsa weighted average dfs vertexesTo each poinfj ¥ | is

therefore associateslith a timedependent weigh& j, and inall instans consumption and production of
the dispatchable unit are obtained as a linear combination of all discretization-p@ies( &, € fr):

3] éﬁ@ﬁ | ON (3)
€h € FR@ F L on 4

Thetime dependency ddiscretization point coefficients &; andé j allowsaccountingor the effect of

environmental conditions on the shape of the machine operating Based on the estimated profile of
ambient conditionsectorm the correct adaptation 6@ can be calculated for each timesteandthe

coefficients of eacHiscretization point can beodifiedaccordingly.

The summation ofinear combination weights j must be equal to When the machine is pwhile it
must bezero otherwiselt is therefore linked tthe commitment variablé :

ap @ | ON (5)

Constraintg3)-(5) boundthe operating point within the convex hull of discretization seThe operating
pointmust on the other hand falh one of théinearsegmentE p&d) p connecting adjacent cowd
of discretization points in , where( is thecardinality of set . Binary variable$ enforce thabnly the
weightsa p/a , vertexes of segmeff can be active at a given time

bpo p Fon " 6)
NGB
ap b 5 T s bon W -
aﬁ bﬁ !ON
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ap b
Thedescribedepresentatiomethodologyallows dealing with characteristic curves of any shapeac-
curacy of the piecwise approximant can bmontrolledby increasing the number of discretization points
0 (Figure2i left). On the other hanihcreasing) leads to a sensible increase in the number of problem
variables. Furthermore, binary variables, sensibly slow down the MILP solution algorithaffecting

the solutiorbranch and bound stage.

Rigorous PiecéVise Function Envelope of LineaConstraints (convex curve

A A

Qg Qf
= - 4

—— Partload curve — S1 — S2 — S3

Figure 2: threesegment piecwise representation of ndimear partload curvesFor nonconvex curves (right) the formal
piecewise definition must be implementé&bnvex curvefeft) can be approximated by a family of linear constragashasso-
ciated toa segment of the PWL approximant.
An alternative and more computationally effective representation can be formulated for machines with con-
vex off-designcurves inthehypeispace 'Q¢ = (Figure2i right). In this case, thpartloadcurve can be
representedia a family of linear constraint®™ ~ 7 , defined by coefficient& ;p andfj s ! N "7 .

Each constraindet a lower bound to input consumption ratea function of machine outpydroduction
VE & jrfr  NRRG bon - (8)

Due to the convexity of theartload curve, only the linear constraint of the familpich lays theclosest

to the originahon-linearcurvewill set the most restrictive boundany point of the operating spaiven

that a cost is associatedth input consumption,hte optimality of the solution wilimply aninput rateas
low as possiblenaking the operating poifill on the piecavise maximum envelopef ™ 1 .

The simplified approach foronvexoff-designcurves drastically reduces the computational burden, at the
expense of potential misrepresentations of the machine operating curve. In particular, the operating space
allowed by this representation corresponds to the entire region laying above theipeoepresentation

of the characteristic curve. Although in most cases optimality will push the operating points on the lower
boundary of this region (e.g. the characteristic curve itself), in some cases this condition might be bypassed
to avoid violationof other constraints, on the machine or on the system (e.g. ramp down constraints, con-
straints on maximum dissipation). The approximated representation for convex operatingscounes
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thereforepe adoptednly whenno otherconstraing might bebypassdbecause dfhe described relaxation
of the inputi output function

The load of all units, while in operation, is boundedhsir maximum and minimum operating pant

a & @ a ¢ bown - 9)
Where ¢ and & are respectively associateith minimum / maximum machine load.

The operating region in the case of W& representation, when the machine is aciwalwaysbounded
within theextreme points in (highest / lowest §&;). Tighter limitations on maximum / minimum power
output can be enforcatirough constraint9).

Unit setpointvariations can also be limited by upwards and downwards ramping constraints:

aiQ ¢Mhpa @ @ a 1o &M poa L on (10)
Wherel ‘@ndi dre respectively the maximum rasdpwn and ramyup ratewhile in operation € h
is the maximum load which can be reached withinfirst timestepthe machines put in operationand
¢ N is the maximum load below which it is possible to shut down the madftieeralueof all three
parametersnust be set in accordance with the problem temporal resoltti@niampdown limitation is
bypassed duringhutdowns due to the terng h p & ,allowing for downwards seqtoint devia-
tionsupto & " whend is zero.According to the value ofi , stating whether the machine was
already on or is potentially turning on during timesigihe correct upper limto load variation iseteither

tol @rto & N

Time-steps during which a staup occursare identified bythe binary startip variablé , equal to 1 when
the machine istartedup. Its valugs bounded by the variation of commitment variable
a aq Lo
C
Changes in the commitment statis belimited by technical requirements on minimum up/downtimes,
imposing that as after a staip / shutdown the on/off status is not modified before the time interval

Y T'Y haselapsed
a 4 a LoN T hEN 08D Y (12)
p & «a a JoN RN o8 Y (13
Up/downtimes are relevant both to limit frequent changes in the commitment, which might be karmful
the machine and to accouathnical constraints dheactuation of thetartup/shutdown command. Start
ups can also bassociateavith an additional input consumption¢ , and/or to a penalization/increase on
machine output§ , which accounted for through the stapt variable:

) ® 1 & bon - (14
Ep  ER 16 bon (15)
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While the consumption penalty € is always positive, output modification due to stgg€  can either
be positive or negative, accorditwthe effect thathe startup has on the production of outgut

A particulartypeof controllable units isepresentetly on/off units, whose only degree of freedom is their
commitment status and are characterized by a single operating point, whistilladgpend on environ-
mental condition® . For these units, the discretization satollapses to a singteme-depadent ntuple,
and constrainté3)-(11) reduce to:

Q¢ & L oN - (16)

€r  £rG bon (17)
Constraints on statp/shutdown limitations,(eq(12)(13)) as well as input / output modifications due to
startups (eq.(14)-(15)), are stillenforced by the same formulation

Someunits might beable to function according to a variety of potential operating modes asachiated
with a differentcharacteristic curvéQ. These units cabhe modeled as aet of mutually exclusive virtual
machines 7 , comprising the independent technotaddefinition of each operating mode. A constraint

on the commitment variald®f the machines the set ensures that only one @tigeilg mode can bactive
at atime:

ar P | "oN (18)

The physical costs indexes foorgrollable machinesomprisepurchase expense for external inpoks
machinesd and operation and maintenance cost fomathines d,

& @y G L i fon (19
O ARG VW@ | R Lom Ron (20)
Operation and maintenance cad{8 can either be proportional to the operatimmrsé® | to thefuel
consumption raté® , or to both, according to the specific machine technology. Furthermore, wearing
due to machine staup can be directly accounted for by means of the-sfacost® . Fuels are assumed
to be available with no limitations apairchased at thmrice&ﬁ1 :

In addition to physical cos{d9)-(20), avirtual set point variation cost is introducidthe objective func-
tion, indicating how easily a machine can modify its load within its technical limits. The penalty is propor-
tional to theabsolute value of the deviation, defined as:

W&y @r @ QT hon (21)

o RCTI Y CALL (22)
Multiple penalty bandsan bedefined attributing an increasing specific penalty cost to more abrupt set-
point modifications This way, a cost dead band can also be included, associating no penalization to
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variations within a certain threshold.&lf is thenumber ofpenalization bads for set point variation
curveof machinéQeach characterized by an increasing specific deviatiorﬁiﬁ,éahd a validity threshold

50, overall deviation cost is lower bounded by the family of linear constraints

Or WEXGH Ny KCI ALY :> (23
Nr 6% G G Ak (I ALIS: 22 (24
Ap T (B (25)

0R 0R

(I%Q)
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Figure 3: band-dependent set point variation cost as function of set point variatih

3.4.2 Non-dispatchable Units

Nondispatchable units mainly repres&ES whichdo not consume any fuel and provide an output which

is onlyafunction of the environmental conditions. These units can still be represented as dispatchable units,
if they can be connectétisconnected from the systeom(off dispatchable unitsor if they are equipped

with a control system capable of reducing their output from the maximum potential (e.g. PV panels
equipped with a Reduced Power Point Tracking module, RPPT). The outpuSofiit€h cannot be con-

trolled in any way can be, in principle, directly discounted from the demand ptofitdstain thenet de-

mand. It is often important though to keep track of the isolated contribution of each RES, to define for
example reserve requiremts that account for souregse generation stabilitylo this eng a generation

profile is defined for each RES included in the twontrollable units seét w:

€nh €hh LoV THQ ~ w (26
Noncontrollable unitsan still provide more than one output (e.g. therid).
3.4.3 Storages
The general representation of a storage system is equivalent to the model ofaryamdy jitscontentevel

according to the exchangeith theenergynetwork to which it is connectedh& decision variables defin-
ing the operating and internal status of each stdrage at timeoare:

- Storagebusexchange rate Ty, split into charging and discharging componeénty /i 1y,
- Storage content level ;.
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Storage bus»@hangd ) ,, positive when the flux is directdcbm the storage¢o the busnegative other-
wise, isyield by the differencéetweerthe strictly positivehargédischarge componeritsry, andi 1,
accounting fochargédischarge efficiencies /-
ir o
g i - — Lo R (@D

Storage content can degrade in time, such as in the case of thermal storages losing heat to the environment
or the seHdischarge of electrochemical storages due to internal reactions. In bothotesge]oss is
proportional to the charge level. The dynamic equation expressing the evolution in time of storage content
0 , is expressed as

0p Orp h o0 i i W LoNv TR N (28)
where £ is the storage setfischarge rate ango is the timestep durationAt all times,storage charge

is bounded within maximum and minimum capacity:

6 6r O bov TR~ (29)
Casespecific detailed lineamodels can be adopted for storage technologies that eribé&complex
dynamic behavior. Thisisthecaseoflead i d batt er i e st,ankosro whkiincent it ch eB aittt
(KiBaM [60]) has been implement&d the modeldesign adaptation describedGhapter8.

Splitting net storage powertmits inwards / outwards positive components is necessary to separately ac-
count for storage charfgiischarge efficiencies. When losses caused by either process represent an incon-
trovertible penalization to the overall performance, the solution optimalitinevitably imply that in each

time step only one of the two fluxes will be different from zero. Neverthele® pnesence of constraints
thataccount for the consequencegpodduction surplus, a storage status variabjeshould be introduck

to prevent charddischarge components from being different from zero at the same time, lealdisset®
overestimate which might be used to dissipate the production excess. In thisocage, charge and dis-
charge power are limited Istoragepower rdingi 3" /i § " , as well as by the chargischarge
status variablé , equal to 1 when the storage is charging:

moif iaM i boN TR N (30)

Tifg  in " p g bov TH N (3D

¢

Variablei j, can beaemoved from the constrainfdossesoverestimate is not considered a problem.

Operation and maintenance costs for storage sysigtnsquantifies the cost aftorage wearing and is
thereforeproportionalto storage usagén terms ofenergythroughput.Wearingcostscs is entirely
allocatedon the storage discharge componeintstly because it isonceptuallynoresimilar toattributing
a marginal dispatch cotb energy drawn from thstorage and secondlyo avoid potential situations in
whichdissipatingproduction excesis more conveniernh terms of globabbjective functiorthancharging
the storage
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OF iR W@ bov THNT (32
Since the optimizatioforesight is limited to th&orizon timeno informationis available tadeterminghe
value of any residualstoragechargeat the end of the simulation periol commonsolutionto prevent
complete storagdepletionwithin the simulation horizon is to imposecyclic storage chargeonstraint
(e.g. final conditiorequal to starting conditionfn alternative, that avoidsindingfinal storage capacity
to a fixedvalug is to associateaalorizationv  to thefinal storagecontents  :

0 0RO bins (33
The specific residual charge valuie should besqual tothe expected avoided costata higher starting
capacity would ensuria thefollowing solution instance of theptimization problemstarting at the end of
thepresenhorizon timen other terms, the final storage valorizatiemelated tahe marginal production
costbelow whichit is optimal toprodue to charge the storage, as well as the thresdioide which(ac-
counting for theeffect of roundtrip efficiency) it is convenient tase the storage instead of a less-cost
effective production unit.

3.4.4 Networks

External networks connected to tMiES behave like sourcésink that can bdirectionally exchange with
the microgrid accordingp inwards/outwards flux limitations. Tirgependent purchaselling price pro-
files allow for an economiealorization oftrades The decision variables defining the exchange status with
a network at tim@are:

- Net exchange rate r};, split intothe purchase and selling componeéitgy, /& 1y, .

As seen for storages, net network exchampgsitive when the flux is directed from the network to the
microgrid, negative otherwiss yield by the difference betweehd strictly positive purcha&eelling com-
ponents, on which separate maximum limitations are enforced:

ER g &R 0 TR bov TR (39)
moégn, &n " bonv RN T (35)
ToEn &n " Lon TRENT O (36)
Net trading value is calculated accordiodhe purchassselling prices cg. 7 G,
G & N5 G & Ny Gy bov "RevT (3D)

In this caseijt is not necessary to introducebaary variableimposing that a given time only net flux
component is different from zesince the effectrmthe objective function of a simultaneous purclsede
ing is unambiguously negative (as longtlasselling price is lower thathe purchase price)lherefore,
solution optimality willalwaysimply therequiredcondition.

3.4.5 Connectors
Microgrid goodsa can represerither distincphysical goodsvhich differ because of their physical nature
(e.g. heat and electricity in CHP systems) or virtual goods, which are differemiateler to represent the
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microgrid topological characteriss. Specifically, a purely electric microgrid with different buses and
transmission lines can eodeled as a mulgood microgrid by associating to each bus a different good.
In this perspective, transmission lineen be represented @smponents convéng one good into another.
Connectorgan be moneor bi-directional, anedachconnectiorconverting goon good’(s characterized

by a transmission efficiency ;. Defining asn the set of ordinated couple$iQ indicating aconnection
converting goodn good® 21, the directional nomegativeflux across theonnectioris limited bycon-
nector capacity; "

T App N Lov “hdQy 2 (39)
As already seen in the case of storagfethe connection is bidirectionalnddoes not have hdirectional
unit efficiency, the connector will be able to introduce an artificial dissipatiorither one of its ends. If
excess productioof either good®r goodCnight cause violating some constraints, thisreforenecessary

to introduce a binary variabf@eventinga simultaneousransfer in both directions:
T Arp Np 0 © Lov " hidQy 2 (39
T Ng Mg P @ Lov " hidQy A (40)
3.4.6 Loadsand Generation Balance
Loads™ can be divided into two categories: rteferrable loads and deferrable loads

Non-deferrable loads do not offer any exploitable degree of freedom in the optimization process, and simply
constitute a fixed demand profile that must be satisfied by the system. Failing at providing the instantaneous
demand of a nodeferrable load is mmally associateavith a penalty cost. Each nateferrable loaa™

is therefore associatedth a reference demand profify;, and to an unmet demang, such that:

T .5 Qp Lov T H o~ (41
on the other handccept a decoupling between actual supply préfij@nd ref-

~

Deferrable loadsiN

erence demand profil@p. The cumulated good supply must éguivalentto the referenceumulated
demandover given temporal windows ¥~ , with a tolerancehat can depend on tinfEq.(43)).

A demand production balancis enforced for all MES interhgoods] in each timestgpaccountingor
production and consumption contributions

€ B [ inp €N R € i NRR —h
N ND N N NT Y h N7 !TQJ
o (42)
N fi Qn ok Qrn N
! N N
10t h
Qrn W hn P Y Qp Qry .an P Y av S h (43
O N
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Where:

- B« £gp isthe overall production of goddrom dispatchable producérs producingQ

- By Q% is the overall consumption of goddrom dispatchable consumgrs consumingQ
- B inp isthe net bus exchange with the storage systers®ringgood’Q

- B.- &0 j is the net exchange with the netwdrk trading goodQ

- B~y £y isthe overall produion of goodGrom nondispatchablenachines w producing
0

- B g waNpr —r isthe overall inwards flux from all connectors directed toQ

- B RwaNpp isthe overall outwards flux to all connectars converting goodQ

- B~ Qp 5 istheservednonflexible demandf good’Cat timed, obtained subtracting from
reference demari@y, of nondispatchable load® = thenonserved demangd

- 1N isthe overaldissipategoroduction excess of godaat timeod

- B Qp . Iistheserved dispatchable demand over timéndow( N =

Physical limits in the dissipation of excess production (e.g. nominal power of electriclolnmeat
rejection system, etc.) can be accounted for by introducing an upper limitatipn an

m oAy Ag " L afoy T (44)
Unmet demand is associated in any case to a specific penaltwbimst must quantify the damage of not
supplying theequireddemandThe penalty cost can be an actoast (e.g. contractual penalty feervice
interruption) or a virtual cogiroportionalto theentity of consequences followingnbalancs (e.g. black
out due to insufficient generation capacity in-gfffd electrical systemsjach loadd™ ~ , regardles of
whether it is deferrable or nas, thereforeassociateavith a specificunmet penalty®, which contributes
to the overall unmetostcy;, for good’@ 21 at timed:

o "R o afon T (45)

Identifying separat@on-deferrable loads profiles, instead of working directly with an aggregatdefen
rable load, is usefub distinguishloadsthatare associatedith different levels ofpriority, quantified by
the loadspecific unmet penaltys8

It is often useful to associate a virtual cost alsoxteses production dissipation; . Although solution
optimality ensures that no unnecessary dissipation takes flacecost is associated to dissipatibis

not relevant from the point of view of the optimization when the dissipation takes pkateng as the
optimal overallamount of production is curtaileth reality, due to the nomleterministic nature of nen
dispatchable generation potential and of demand, it is always preferaliffeitentiate among equivalent
solutions the one thabstponalissipation of excess production, whenever possible, as long as passible

36



that if the excess productitras beemverestimatede.g. higher demand, renewable production lower than
forecast) generation potentigdn be increased by avoiding dissipatiohater times This preferentialse-
lection among otherwise equivalent solutions can be introduced forthelationby defining a virtual
time-dependent dissipation cas{ for each good® 2:

o AR 13,00 (46)
Wheredg, is the specifidissipation cost for goo@ 2 at timed. To postpone production curtailment,

dissipation cost must decrease in time.

3.5 Reserve Constraints

The deterministischeduling problem formulation presented in this Chaateumes that forecast profiles

of demand and nedispatchable generati@me certain and does not account for the effetttedf potential
deviationfrom theirnominal profile These deviations ateusmanaged by lower control levelshich will

be distissed at length in the following Chapterherefore it is often necessary to impose a level of con-
servativenesto the deterministicschedulingsolution, to ensure that retiine corrections to the dispatch
profiles can actually be implemented by thetsys To this endieserve constraintsan beadded in the
formulation: they require that the maximum generation potential from storage systems and active generators
is enoughto compensate the maximyotential net demands increase

iy Nerls QO p Wy 6 p Lon T (@)
N* N N
The reserve contribution from generat@rgy is bounded by either the maximum load or the ramping
limitations:

Nrn T ERR Mar 1§ bon - (48)
The reserve contribution from the storage system is bounded by either the maximage gwver or
minimum storage charge:

i i iETinnO“T‘; Lov© (49
Note that within the daghead planning MILP the limitation on reserve contribution deriving from the
minimum storage charge constraint is enforced with respect to the expected storagedcpniunting
reaktime operation though, if the storage systcompensasaet demand forecast errors the storage charge
trajectory will be different from its expected profile (computed by the scheduling MILP). This might hinder
the ability of the storage system to provide reserve power, particularly in latstepagwhen the buid
up effect of forecast errors is more significant. Therefore, an addifiorah e r gy r e s saddesld0 con s
to impose that thplannedstorage chargis enough to provide the reserve contribution for the futdre
time steg:
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Although the constraint does not account for the actual storage charge evolution, the conservativeness of
the deterministic planning solution can be increased by increasing the energy reserve uratsnwvell
as thepower deviation thresholdson andaick; .

3.6 Topology

The modeling approach presented can also be used to introduce the effect of topology in systems where
loads and units are located in different areas connected by internal distribution networks. This can be done
by definirg nodes associed with a virtual good, whose balance will only be directly affected by those
unitsconnected to the nod&he nodes can be then linked by connectors, creating an oriented graph which

is representative of the physical connectiaithin the system This topological model is valid as long as

the distribution system is not characterized by strong dynamic behavior.

3.7 System modeling examplbousehold featurin§olar Assisted Heat Pump

A practical example of complexsystem which optimal management probless tackledaccording to
the proposed formulationtibesystem fothedomesticsupply ofelectricity, sanitary hot wateand heating
shown inFigure4.

Backup High-temperature ™~~~ S
Electric Thermal Load / \
SAHP Boiler a2 \
N
m
Y 5> pde -
HP <+—p<¢ \\
A\
<« " WARM \ /
\\ Y2
COLD ~—t+
PVT Fresh water supply

Figure 4: scheme of theystem for the domestic supply of electricity, heating and sanitary hot water feat&iteg-Assisted
HeatPump

The system features al8oAssisted Heat Pump (SAHP), a unit comprising a traditional Heat Pump (HP)
and a Phot&/oltaic Thermal (PVT) panel array, which is a PV array featuring an internal cooling system.
Its thermal output that can be used to enhance the performances of dhéoHRpply a lowtemperature
thermal load. The SAHP is supported in supplying the thermal load by a backup electridbdaleystem

has beerthe object of a doctoral thes[§1], in which the MILP model was used to assess its optimal
performance. It is here presented only as an example of complex system that czldeldewvtah the
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proposed formulation: the results of the calculations go beyond the scope of this thesis and are not here
reported. Results can be found@d] and in[62].

Boththe SAHP and the electric boilesin produce at two temperatilggels associated to threquirements

for sanitary water supply (higtemperature thermal load) afwr the house radiant floor heating system
(low-temperature thermal load). The PVT heat production is only compatible with thergverature

thermal load. Additionally, the system features a battieryncrease selfonsumption of the electricity
produced by the PVpanelsand limit the dependencydim the gridand a hot water tank, where the fresh

water supply from the central water system is heated up to reach the temperature target required by the
high-temperature thermal load.

The different colors irFigure 4 indicate thevarious forms ofenergy that are exchanged within the mi-
crogrid, and constitute the set of microggdods2: electricity, andow-temperaturdneatand hightem-
perature heaEach goodQ 1 is in this case associated wirsingle load : dectricity and sanitary hot

water represent nedispatchable loadss the& demand must be immediatedgrved.On the other hand,
low-temperature heat for household heating is provided tagiant floor system, connected to the {ow
temperature water circuit. Due to the considerable thermal inertia of the radiant floor system, deviations
from the reference heat supply profile are allowed, as long as an equivalent energy supply over periodic
time windows is provided.ow-temperaturdneat canthereforepetreated as a deferrable load, imposing
theequivalencdetweerthe energy supply profiletegral and the lowwemperature heat reference demand
profile, over time window$ N ~ , asrepresented by E¢3). The allowed thermal shift between con-
secutive windows can be controlled by tuning paramé¥s ; and'YQ .

Thermal Load

3r

Thermal Power [KW]
R

=
w

U 1
00:00 06:00 12:00 18:00 00:00
Time Jan 12, 2015

Figure 5: reference lowtemperature heat profile and energy integral imposed for time winddw w

To account for theariouspotential operating modes of the SAHP, associated to the opening and closing
of the valvesshown inFigure4 and to the different temperature setpoints ofttbat pump, the SAHP is
modeledasfour mutually exclusive machinesprresponding to theariousSAHP operating modeshown

in Figure6. These units constitute the groupnofitually exclusive units n 80nly one SAHP oper-

ating mode cathusbeactiveat a given time. The same approach is used to model the alternative operating
modes of theelectric boilerPartload curves ardefined as piecwise functionsparametrized according

to two timedependent environmentiactors@ : ambient temperature and solar radiation.
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The Ithium-lon battery andhe couplingwith the national grid¢an be modeled according to the methodol-
ogies described respectively3m.3and3.4.4 The opercircuit hot water tankon the other handepre-

sents a example oficomponent that does not fit in the general approach described above. For such com-
ponentsanadhoc set of constrainisasdefined torepregnt its operatiotiin the MILP dispatch problem
formulation.The modeling strategy adopted for the ofmp storage can be found[6R2].
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Figure 6: SAHP operating modes, associated to virtuatumally exclusive dispatchable units, and relevant@at curves, as function of ambient paramters
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4 AFFINELY ADJUSTABLE ROBUSTSCHEDULING PROBLEM
FORMULATION

This Chapter proposes an alternative MILP formulation of the scheduling problem presentegtierGha
based orthe Affinely Adjustable Robust Optimizati@ARO)theory. Uncertainty of forecast profiles is
explicitly addressed by definirg mathematical unctainty space, encompassing all potential manifesta-
tions of uncertain parameters. In addition to ti@minal solutionfhat represents the operating schedule
in case forecasts are not affected by errting, approactyields optimaldecisionrules aslinear functiors

of forecast errors manifestations, whittdicate how tadjust the operating load of the unitsadapt the
dispatch solution to the uncertainty manifestatibmeoptimal problem solution, comprising both nominal
scheduling andispatch adjustmenolicies ensuresperation feasibilityfor any manifestation of forecast
errors included in the uncertainty spadée AARO formulation is on the other hand associatdichita-

tions in the capacity of dealing with system-fiorarities, due to the functional form @écision rules, and

to a significant increase in the problem computational complexity with respect to the deterministic formu-
lation of ChapteB. Furthermore the AAROsolution approach pursued in this thesis, based on the deriva-
tion of a tractable robust counterpart reformulatibg exploiting the strong duality theoremustdeal

with theimpossibility of defining integeecourse variablesThis limitation introduces inaccuracies in the
mathematical definition of the recursive actipegch asinderestimate of storage recursive efficiency and
overconservativeptimaldecision ruls. These limits are thoroughly examinednbgans opractical ex-
amples.

The scheduling problem formulation proposed in Chaptierdeterministic, in the sense that it only ac-
counts for uncertainty in thepnt profiles of exogenous factors (demand profiles;dispatchable gener-
ation potential profiles) by enforcing reserve constraints (Para@a&phout does not edgitly account
for manifestations of the forecastuncertain parametedifferent fromtheir nominalprofiles. Thesystem
response to all deviations of exogenous parameters from forecast istredtidaerlevel management
algorithms.This Chapter prents a alternativdformulationof the deterministic UC and ED problem de-
fined in ChapteB, based on thaffinely Adjustable RobusOptimization (AARO) frameworkThe model

is developedor a generidMES subject to multiple uncertaidemands andondispatchable generators
The matlematical structure of thedoptedobust formulation is incompatible with some of the representa-
tion techniques introduced the previous Chaptéor the deterministitILP formulation (e.g. piecavise
linearization of partoad curves). ThAARO modelhere presentei, therefore|ess adaptable to general
systems that feature strong Homearities.

The model iswo-stage meaning thatwo different hierarchical levels are identified in the formulatidme
first layer is associateditht h e o maminabdJC andED corresponding tthe nominal forecasts of
demand and nedispatchable generatioRirst stage ariablesarereferredto asfhere and novdecisions
sincethey must be defined ahead of the operation tilfee first layer output corresponds to the nominal
operating schedule defined by the deterministic formulation of ChapBscond stage variables are con-
verselyreé r r e dwattand sed e @ i sinstead ®f@ssumingumiquevalue regardless of thepecific
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uncertainty manifestation, they atefined in the form of function@lecisionrules) depending on the actual
observations of allincertain parameterBaseal on theobserved values of demand and Hulispatchable
generation (or equivalently on the observed forecast errors hisseggnd stage variables are therefore
adjused, adapting toeach specificscenarioln the UC and ED problem, second stage varginlelude
setpoint corrections for adlispatchable units, storagasd network exchangeBhe problemsecond stage

is also referred to d@secours® with respect to theaominalfirst stage solution, and second stage variables
are also calledecursive decisionsThemodel is formulated for both effrid and gridconnected systems

In systems interacting with external netwonatticularattentionis paidto theevaluation ofeeffectthat
decisionrules have onthe economic interactiowith the networks Compared to previous works using
AARO approaches (e.d54][53]), the proposed model features:

- Uncertainty affecting two or more demands of energy (e.g., electricity ang¢l heat)

- The a&curate modeling of the costs/revenues assoaidthdhe recourse adjustments of the energy
exchanges with external energy netwso(k.g., national gricl)

- An ad hoc formulation of the uncertainty set allowing appreciable performance improvements with
respect to the traditionéitrobustnesspproact63];

- Simplifieddecisionr ul es (here call ed ,dtpirnggoad@ystemperfoe ur s e |
mance while considerably reducing the computational time.

The conceptual advantages and limits of the proposed formulatidisemssedndanalyzedn Paragraph
4.5, by means okimple synthetic test case$he adoption of the formulation is theompared wittthe
deterministic approachf Chapter3 in Chapterss and 6, analyzing three differerealworld test cases
under various operating scenarios

Although we limit our attention telectricand CHP systemdt is worth noting that the proposed model
couldbe applied more in general to compMES.

4.1 Problem Statement

As depictedn Chapter3, the generic MES comprisesat of dispatchable and ndispatchable units (e.g.,
intermittent renewable sources), and is potentially connected to energy storage systems and external energy
networks For the sake of simplicifyand in accordance with the test cases presentbdfimilowing Chap-

ters in this Chapter we limit the attention to systems that only have ondisppatchable loager each

microgrid internal goodand that feature singteutput nondispatchable generatorBhe model couldon

the other handye extended téeature multiple loadand polygeneration nowispatchable units, to get to

a more general system schematiza@ierdone for the deterministic formulationGhapter3. A schematic
representation of tidESto which the AARCiormulationrefersis depicted irFigure?7, highlighting with

dashed circles th@ccountedources of uncertainty
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Figure 7. MESsubject to multiple uncertainty factors.

Energy demand profiles and generafpmtential profiles of nomlispatchable urstwere,in the determin-
istic formulation only characterized btheirnominal forecasiDue to the stochastic nature of environmen-
tal conditions and ttheunpredictable decisiord the MES usermfluencing the energy demapdtterns
forecasts aren the other handffected by uncertainty (i.e., theferenceprofiles will be affected byreors).
Thesepotential deviations from forecasise accounted by the deterministic formulation through the defi-
nition of reserve constraint¥he robust formulatiomdopts a more systematic approach to uncertainty
uncertain parameters adefinedby a mathematical description of tipotential error@ssociateavith ther
nominal forecast profileThemathematical spadkat bounds the potential uncertainty manifestations (e.g.
the actual values assumed by uncertain parameters as opposedaodtet), isreferred to asncertainty

set

The scheduling problentackledthrough the robust formulation proposiedhis Chaptercan be stated as
follows. Given

- forecasts of power generation from adispatchable units and energy demand profiles;
- uncertainty space encompassing all possible forecast errors;

- operating limits and patbad performance maps of dispatchable units;

- forecasted generation potential of rdispatchable units (e.g., solar, wind);

- charge/discharge efficiency of storage syste

- transmission losses and maximum transmission capacity of networks;

we aim at determining:

- the nominal commitment and dispatch solution (i.e., here and now decisions) to be taken suffi-
ciently ahead of the operation time (e.g., 24 hours ahead) badeel available forecast;
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- theoptimal decision rulethat set how to adjust units setpoints, storetugrge/dischargand ex-
changes with energy networks during réade operationwhile minimizing the expected operating
cost (nominal costglusthe expected cost akcursivedecisions.

Theidentified solution must guarantee operational feasibility for any possible uncertainty realization (i.e.,
forecast error) within the uncertainty space

This last feature is the essential appeal of the robust formulation: once a conservativeness level is defined
by tuning the definition of the uncertainty sete solutioryield by the formulatioromes with a guarantee

that, as long as thenits are regated according to theptimal decision rulesandthe observedorecast

errors arencompassed lifieuncertainty seservice continuity ignforced with a mathematical guarantee.

4.2 AdjustableRobustProblemFormulation

This Paragraplpresens the uncertairformulation of theschedulingproblemfor the general systeihe-
pictedin Figure7. Forecasts mcertaintyis represented bynknown deviations frorthe nominalforecast
of all MES internal demands™ and ofthe generation potential from all nazontrollableunits] ¢ =aPa-
rameters and variableghich assume a different val@ecording tdhe uncertainty manifestation arelin
cated with the superscriEjtln general, variables vecter comprises a nominal (first stage) vaand a
recursive(second stage) correctiow which depends on the uncertainty manifestation:

o o e (52)

4.2.1 Uncertain data: energy demand and-d@patchable production
The uncertairexogenous factoraccounted in the model are the profiles of englgyand ¥ internal to
the MESand production potential froall installednon-dispatchable units.

The uncertain demar@; of eachform of energyQ w at timed™ ~ is composedf its nominalforecasted

valueQp, and of the uncertain deviatidmom it] Qp:

Qr  Qn 1 Qp I wion (52
Where s theset of simulation time steps awdis the sebf internal energglemands

Similarly, the uncertaingeneration potentia r}, from each nordispatchable unit (e.g., solar PV panels,
wind turbine) '@ ~ w at timedis defined by a nominal value (forecadt)y, and an uncertain deviation
106 Iy:

Of, O 10T o~ whony T (53
Where™ W is the set oinstallednondispatchable unit§.he representation of natispatchable generators

adopted in this formulation corresponds totiedeling approach depicted in Paragr@ph2 accounting
for an uncertain generation potential.
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4.2.2 Controllable machines

The necessity of following purelineardecision rulsimplies thatthe partload performance map efch
controllableunit™®”~  must be approximatday means o singlelinear relatim between uncertain ma-
chine inputQ, and production 1, of machine output? ©&, wheré s the set of dispatchable machines
within the microgrid an@i is the set of energy outputs yield by macliihé . Piecewise representations
of the operating curve, as describe®aragrapl3.4.1, cannot be implementedspurelylinear adjustments
to the unit setpoinmight violate the noitinearrelation represented by the piesese partload map The
uncertain load of each uri}, comprises a nominahlue™Q (first stage decision) associat@dh a perfect

forecast scenario and a r¢imhe correctiony "R (second stage recourse) depending on uncertainty:

Q% 9 @R bt Ryt (54

Nar Q&R AENR L0 FoN T ROy @i (55)
The constanté  andn ;; are obtained by regressing the gaetd map of the unit whilép, is the binary
variable indicating the on/off status of the unit. For units characterized by particularly slewpsaaud/or

ramp rates, redlme corrections may not be possibifehis is the caseheir load includes only the nominal
component (first stage decision).

Constraintg9) and(10) accounting fomaximum/minimum operating loadndstartup/shutdown/oper-
ating ramping limitations are enforced on thachineuncertain operating point:
arQ Q apQ @~ Rov T (56)
toa @ " op @n G .
‘Qﬁq , b fox (57)
1o ap Q P Ui
Constraintg56)-(57), and in general all uncertain constraints, must be valid for any uncertainty manifesta-
tion, that is for any potential recursive correctioif2to the nominal input valu®y .

All constraints involving the commitment status of dispatchable machines (minimum up/downtime, start
up consumption penalty) are included in tbbustformulationequivalently as done for thdeterministic
formulation in ChapteB. Since the commitment is natljusted adaptively, these constraintsideatical

to the deterministic constraints1)-(13).

4.2.3 Energy sorages and networks:

The definition ofthe uncertain net exchange aitglrelevant directionacomponents defining the interac-
tions with storages and networks are analogous to Chagtet account for the uncertain recursive cor-
rection of power components

i Q- — bint N (58)
T QR Q Nm Qg QO i Ny (59
ENp QGR QoR begn~ v (60)
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65 6 p -6wd OF Qn wo bine N (62
6 8 65 6 . in N (63)

Due to the uncertain nature of actual net storage power, and to its potential inversion as a consequence of
decision rulesa binary storage variable preventing simultaneous cliisgharge of the storage system
can be included onlgnnominal exchange componeif} ;, andd) ., as shown itEq(30)-(31). Recursive
dischargécharge fluxe€ fy, and® rf, might therefore bg¢and often arepoth different from zero at the
same timeAs explained more in detail iRaragrapl0, this can cause an overestimatklosses due to
storageroundtrip efficiencyin therecourse energy balance

Thedynamicstoragecharge evolution is defined by thecertain equivalents of constrai(g8)-(29), ac-
counting forchargédischarge fluxes aself-dischargdosses

6 6rp -6wd O Qf wo Fins N (64)
6 8 65 6 . LN fon s (65

It must be noted that uncertain storage chargewill depend on the entire uncertain exchange history
i, withtv p&.
4.2.4 Energy balance
For each form of energ® ¥ (e.g., heating, cooling, electricity) and tistepo™ ~ , theuncertairenergy
balancerequiresthat the sum ofi s e uncerdainenergy deman@®;,, recursive energgonsumptioriQ;
from units O p (the subset 6f  including machines consumirige form of energy) andrecursive

h

dissipatedexcess productior) ;  is equal tothe sum ofecursive energproductionr ;; from dispatch-

able units®~  (thesulset of including machines producinge form of energy), uncertaingenera-

tion potentialod ry, from nondispatchable unité® ~ w (the subset of " including nondispatchable
units producing the form of energy recursivenetenergyexchange ry with storagsi N * (thesubset
of * including storage systems for the form of enejjggindrecursivenet energyexchange r); with

external networks N (thesubset of including networks trading the form of eneljgy

I ' w N T (66)

g " m L w N T (67)
No unmet demand is included in thalance, as the objective of the robust formulation is to avoid it in all
potential scenario$seneration curtailment from all natispatchable generators is aggregated in the dissi-

pation ternm h , which is always greater equathan zerdalthough its recursive correction component
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h

wn; = can be either positive or negative, representing an indredsetion of the overall generation

curtailment).

4.2.5 Objective function
The objective functioms to minimize the expected totperating cost ofhe MES, comprising fuel cost,
andthe valueof trades with external energy networks, as shown i(6Bg.

QMR B g Qh Rl QoA M Wby 0 (68)
Each cost terncomprisesa component associatedth its nominal operation (decided beforehand based
on the available forecasihda componentonnected tdahe recursive correctionsn general, it is worth
noting that the expected value (denoted with the opeatof thisrecursivecostcorrectionmaybe non
zero, either because the average value of the forecast error is not zero, and/or becauseleiffsoant
rules aredefined according tahe sign of the deviation from forecast (positive or negativeg relative
importance ofhe expectedecursve costcorrectionwith respect tahe nominal costndexis controlled by
aweight parameteb , reducing the impact of recursive cost terms on the objective function with respect
to first-stage decisiong.his has both the effect of avoidisguations in whichgdueto pathologicalkhapes
of the uncertainty set, nominal cost terms are even oweor felly compensated lngcursive cost correc-
tions,and of giving preference to the optimization of the nominal (no edispatch solutionHourly and
startup O&M can be easily includedsshownin Chapter 3since they only depend on fist stage -non
adaptive commitment variables, while O&M proportionalsiecond stage variables must be split in their
nominal and recursive components.

The termM w®d; in Eq(68) represents theconomic valorizationf the expected network excharmyece
it deviates from its nominal valiég) , due to the expected recursive corrections. It is not trivial to calculate
its value because of the difference between selling and purchasing typéesly affecting energy trading
with the external networks (the selling price is typically apprecibber than the purchase price). De-
pending on the nominal value of energy impoit ; and the expected value of its recourse corrections
M we Ry, six scenariosdepictedn Figure8) can be identified:
- . . . €ENp T
1) Nominal import and expected import increase in the recourse <
Mwe R T
Moy M@E R (69
The expected correction leads to an increase in the energy import which is univocally assaitistad
additional cost accounted for at the energy purchase(ffﬂce
. . . ENp T
2) Nominal export and expected export increase in the recourse,, . |
Manp ™
Vady M i o (70
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The expected correction leads to an increase in the energy export which is univocally assdgbiated
additional revenue accounted for at the energy selling ﬁﬁpe
ENR T
MpeR ™
a) QeNi MwER + Mady ViR G (72)
The expected correctidaads toa decreasef the energyexportwhich does not exceed the vakianned
in the nominal solution: thus, thalueof the expected recourse isréssed revenuaccounted foat the

energy selling prices; .

3) Nominal export to network and export reduction in the recourse

b) Q@ s MwER + Mabg  ENRGE  ENR MwER (72
The expected correctidaads toa decreas®f the energyexportwhich exceedghe valueplanned in the
nominal solutionand causeheinversionof theexchangelirection thus,a fraction of the exchange devi-
ationM w € iy corresponding to the nominahergy exporér) , (negative since sold to the network) is

associatedvith a missed revenuaccounted forat the energy selling priceiéq; , While the remainder

gEnyp Mt R isassociatedith an additional cosaccounted foat the purchase prica; .

EXPORT | IMPORT EXPORT | IMPORT

|€0 & _ en gl
@ I ot 1 @)
| I I |
N g | Purchase increase Selling increase | &n i
3a)— H Ly — (4a
. . —>
Selling reduction : L : Purchase reduction
&N ; en f
(3b) ' 1 e ' (4b)
| L | J
[ Loy

Sellirg | Purchase

Sellirg | Purchase : :
mcreasel reduction

reduction| increase

Figure 8: scenarios fothevalorization ofthe expected network exchange deviatto ¢ i :depending on the amplitude of the
deviation and on the nominal operating condition, the appropsiaterizationmust be considered

4) Nominal import and expected import decrease in the recourse; ar]‘ ﬁ‘ "
MwenR ™
a) Q@ny MoEn + Moy, MoEnR (73
The expected correctideads toadecreasef the energymportwhich does not exceed the valpenned
in the nominalkolution thus,the value of the expected recourse a cost reductioaccounted foat the

energy purchasgrice G, .
b) Q@Y f  MwER + My  EARGK &N M ER G (74)
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The expected correctideads to a decreasé the energy imporwhich exceedghe valueplanned in the
nominal solutionand causetheinversionof the exchangalirection:thus,a fraction of the exchange devi-
ationM w ¢ 1§ corresponding to the nominahergy exportn  (positive since purchased from the net-
work) is associatedith a missed cost accounted fotladenergy purchaserice&éq; , While theremander

Enr Mwe R isassociatedith an additional revenugccounted foat the energy selling prica;

The value of the expected cost tedrnqﬂ)ﬁ is thereforadetermined based on a set of constraints identify-

ing thecorrect scenario:

Vo, MoQaR MaQop & MdQan VodQop (75
T MadQan  Qop
M oQa R M WQa R
VaQaR  MoQaR M @Qan
T MdQodR  Qf
VaQomp M aQoR
VaQomp MoQop MoQop

(76)

All uncertain constraintdescribed irthis Paragraph must lemforcedfor any potential manifestation of
uncertainty, that is for any potential set of recursive variable correati®ndo first stage decisione.
Effectively, this implies that each uncertain constraint corresponds to an infinitcigstfaints, associated
with all infinite potential uncertainty manifestatioascompassed lije uncertainty set.

4.3 Tractable Reformulation of AARC
Since all the abovhisted constraints and objective function are lineae,aidjustable robust optimization
problem can be written as follows:

[ EWde DIsvd 60 f 00 4
$ oz | (77)
o5 |
wherethe vectore denotes the optimization variabldh,s thevector of cost coefficient§ ando are
the lefthand side matrixes of equality and inequality constra}htand-}} are the righthand side vectors
respectively is the perturbation vector affd andO areincidence maires associating each elemémt
the correspondingincertaindata As indicated in Eq(77), according to the assumption of limiting uncer-

tainty to the forecast of energy demands anddispatchable generation potentihle cost vector and the
coefficients of theconstraintdeft-handside matrixes are certairuncertaintyonly affects theconstaint

right-hand side/ectors-H- and-H- , Which depend affinely on forecast errors of energy demands and gener-
ation potential from nowlispatchable unitsind in turn decision variables, through theecursive correc-
tionse e . These two feates make the problem a particular type of adjustable robust optimization problem
called fAfi[B0d recour seo
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To preserve tractability and linearity of the robust counterpart, in this workntieetaintyset” is repre-
sented as bounded polyhedn defined bya set of linear constraints, described hyatrix 0 and right
hand side vectom

# D0 m (79)
For the same reasprecursive variable adjustmenrt e aremodeledaslinear decisionruleswith respect

to uncertaintyvector#. According the defiition provided inEq(51), variablevectore is split in two
groups:

- Firststage( i h er e Afinndo nu)oram@bles.e, to be decided ahead of the operation time.
The vectore includes'Q, &y, N ar, &N 7, QO R, QA B, Np .0 M Q. O .
- Second stagé i r evedufiadjustment ) v a wei arddefmed as piecewise linear functions
of # so that their value adapts based ondheervedvaluesof # during actualoperation e
includese " 6 k. W E R, ©QAGRA B, 6 5 "L wi T, 60 i, 0 .
It is worth noting that binargn/off variablesa ; are not adjustableand the commitmentdecisions are
assumed to be univocally taken in the first stage (@ognteger recour3eSimilarly, the loads of the units
which cannot be adjusted during rtiahe operation are defined only in the first stage.

The coefficients defining the affirdecisionrules are grouped in the coefficients matbix

. w: o ox EAGQA o 79
The elements of the recourseefficientmatrix care the optimizatiorariablesthrough which theffine
decision rulesare optimized In this formulation, for the variables which are noradjustable (i.e., the
binary on/off variables of all units and, possibly, the loads of theflamible units whose load cannot be
adjusted on a redime basis), the coesponding coefficients of the recourse madsiare zeroMoreover,
to ensure practical applicabilitig,is necessary to enforce nanticipativityfor thedecision rulesmeaning
that second stageattime correctiongpe at any timed can only deend on thereviousobservations of
forecast errors (i.e. omanifestation®f # occurredbefore or during). Consideringhe recursiveadjust-
mentwy, i of variable ‘Gasa function ofuncertainty factofy™  (e.g., electricity demandPV produc-
tion) at timed, matrixy, i in the timeindexes space (where the paiit identifiescorrectionat timeo
as function of observation at tinigis lower triangularas indicated in E(BO):

WO f COh i
(80)
Orpr T IOy N TR o

Wheré s theset of all uncertain parameters affecting system operation.
To maximize the operational flexibility of the system, ptagse lineardecisionrules witha breakpoint in
# = Oare adoptefb4]. Uncertain parametefisarethereforesplit in their positive and negative components,
for which differentdecisionrules are definetly means of specificoefficient matrixeso and® :
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# h (82
w oF op © F 83
A &
A practicalexample of the importance of defining differextrrection policiesaccording to the sign of
forecast errors is shown Figure9: in virtue of havingseparatly defined coefficient matrixegd and
a decrease in electricity demand can be recursively met by decreasing the pGiatgdterefore attaining
anexpecedfuel saving) while an increasin electricity demand is balanced by increasing the battery dis-
charge flow. If a single matrigo was definedresponding with a reduction di¢ ICE sepoint whenthe
demand is lower than forecasted would imply incregihe ICEload when the demand is higher than
expectedcontinuous slope afecision rule shown irFigure9). As a consequengcéhe nominal operating
loadry  would benecessariljpbounded to a value lower than its maximgm to avoid violating the
maximum load constraimtue to the recursive correctionr)

- FF # # #

»
|

v

# #

Figure 9: Example of pssibledecisionrulesfor the loadof anICE, enabledby piecewiseaffine recourseln the first stage solu-
tion, the mminalelectricity (or heatdemand igproduced by the ICBperating at maximum load\ positive perturbation afe-
mand (posi ti v enetby)ncreasingthepowerdischarget from the storagewhile anegative perturbation can be

met bydecreasinghe|CE load.
Separately accounting fpositivednegative error compent§ and] sensibly increases the flexibility
of decisionrules and in turn thieasiblespaceor first stage variables. On the other hand, agforecast
error] can be associateglith a variety of 1 combinationsyielding the same net result. Due to the
absence of binary uncertain variables, the palydledefinition of the uncertainty space does not prohibit
the simultaneous occurrence of both error components. If the corrective actions presceibezhtyd
push towards opposite directions (e.g. decreasing ICE |loaridinchas beemverestimatedincreasing it
otherwise), this does not represent a problem, since theextosineuncertainty realizatiofor each con-
straint will correspond to considering only one error component different fronazdras high as possible
(largest deviation from moinal). Otherwise, the sum of the setpoint corrections calculated separately as
functiond] and could lead to an overall correction higher than what should be accounted for, if only

the positive or negative partjofwas different from zerat a given time

Problem(77) can be rewritten asn Affinely Adjustable Robust Counterpart (AARC) probiem
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Once againjtiis worth noting that the problem features an infinite number of constraints since each one must
be enforced for any possible realization of the uncertain parameter f#ector

The lefthand side constraint matrixés andd can be partitioned into two blocks: the first block contains
the columns associatedth first stage variables and it is typically call&@chnology matrig “Y while the
second block, associatedth recourse variables, is call@ékcourse matriaow :

0 Y w ©5)
0 Y
[EM 4L Diavdh Yo o 0 |five o 0oz | (86)

As far as uncertain inequality constraints are concerhédpbssible to mforce the feasibilityunderany
possiblemanifestatiorof # througha row-wise max operatoacting independently on each constraint, as
indicated below

P L]

EF o g (87)
@8 o 0# | “we bgnD (89
[Ago o 0% | "Ye (89)

Constraint{88)-(89) must be valid for any potential manifestatiortofithin > .

The optimization prolem as expressed Bqg.(87)-(89) is a semiinfinite problem, which cannot be solved
directly. On the other hand, since (H) and-H- are affine functions of, (i) » is polyhedral, (i) the
problem features fixed recourse, the AARC can be converted théteaministic equivalenwith a finite
number of variables armbnstraintsalled theractable robust counterpareformulation[50]. To this end,
problem constraints can be dividedahree categories:

1) Purelydeterministicconstrains (e.g. @ O 1)

2) Uncertain equalitiesHg. (89))

3) Uncertain inequalitiesHg. (89))
4.3.1 Deterministic constraints
Purely deterministic constrainl® not involve uncertain parameters but only {fatstge variables (i.e., for
such constraints the corresponding coefficients of matdcesw andO, 'O are zero)and theycan
therefore pe directly included in theobust counterparf hese castraints are, for instance, all constraints
for dispatchable unitevolving only first stage variablé;, (i.e. minimum up/dowtime, startup penaliza-
tion), or constrainty75)-(76) defining the accurateconomic valorization of expected recursive network
exchange deviatioh @& 1 .
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4.3.2 Uncertain Equalities

Uncertain equalities involve both first and second stagaehias, as well as uncertain parametBesch
equality constraininust thereforepe valid for anypotentialcombination of values that the elementst of
can assume withib . The feasibility requirement over the entire spadeplies that the constraint must
be also valid whet . This means that the rightand side o{88) must be identicallgero:

“Ye | (90
Consequently, the leftand side of88) must beidentically zero for any possible value #f This means
that all the coefficients adhematrix w @ 'O must bezero, i.e., Eq(91) must hold

w ® O (92
4.3.3 Uncertain Inequalities
Uncertain inequalitieare enforcedthrough the rowvise max operator, fdhe constrainspecific worst
case manifestatioof # within the polyhedral uncertainty set, as indicdtgdeq. (92)-(93).

Ao 0% Q "Ye (92
(DO = (93
Since the lethand side 0Eq.(92) is a lineaprogram with respect to the perturbation vegtdt is possible
to prove using the duality theorem of linear programming éhatfeasible for Eq(92) if and only if the
dual linear progrardefined byEq(94)-(96) has a feasible solutid® (wherevectorQ, thej™ row of matrix
Q is the vectoof dual variables introduced for constraint5)]:

[ Eio (94)
iHOQ w o O (95)
(O (96)

Thus, Eq(92) can be replaced with E5)-(96), guaranteeing the validity of the original uncertain con-
straint(92) for any possible manifestation #fthrough the existence of a feasible soluff®rto its dual
linear progran{94)-(96):

[ﬁhE41F d)\/l.ﬁ (7
i 88 (99
“Ye I (99
©w & O (100
Q I “Yeo (109
0Q & O (102
Q m (103
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Eq. (97)-(103 definethetractablerobust counterpareformulationof the original AARO problemwhich

is afully defineddeterministic MILPwith afinite number of variables and constraintsan thereforepe
handled with commercially available MILP solvers. The size of matrivesid Q is respectively
["Q ¢i ¢& Q @xd and fox & [Qwhere Qs the number of dispatchable unitsis the number of
storagest the number of network®he number of microgrid good&thenumber of uncertain parameters,
dthe number of timesteps&ithe number of uncertain constraints @ritle number of uncertainty set con-
straints per each uncertain fact@it is apparent how thgize of theobust counterpaMIILP rapidly grows
with the number of time steps, number of uncertain data (energgndeprofiles and nedispatchable
production units) and installed units.

4.4 Uncertainty set definition

The general polyhedral uncertainty set is represented by a set ofitiegaalities (Eq(78)). Although

some examples of advanced formulations of uncertainty sets have been proposed in the literature (e.g. Lorca
et al.[64] proposed a dynamic uncertainty characterization accounting for thegntporal correlation of

wind generation forecast errors, Ning and Y68&] presented a dat#iven uncertainty set construction
method, combining different polyhedral uncertainty set to reduce the volume of the uncepaody, s
most of the robust optimization works in the literature resort to the budget uncertainty set formulation orig-
inally proposed by Bertsimas and Sin{&3], which corresponds to setting instantaneous error thossho

and cumulated error nornfgncertainty budgét In this thesis| considera polyhedral uncertainty set fea-
turing an extendedoudgetuncertaintyset determined on the basis of the energiated considerations
arising from a thorough statistical ansikyof the historical forecast error profiles.

In the traditional budget uncertainty set, instantaneous uncertain deviations from forecasts of each uncertain
parametefO"”  are bounded by maximum upwards and downwards error boxes which agepered-
ent,to representhe variability of forecast accuracy with the hour of the day:

1 T Lo v (104)

TRE L Qe o (105
Furthermore, the cumulated absolute error is constraimecthe simulation window. In our uncertainty
set formulation, the cumulated error is bounded over periodicdalydime window® P ~, to model the
realistic distribution of the cumulated daftyrecast error at different times of the day and to avoid unnec-

essary oveconservativeness of the worsise scenario$hen in addition to the usual limit on the overall
absolute error in Eq106) norm constraint@re enforced also for strictly positive and strictly negative

=2

errors, setting thresholds for maximum energy demand/production overestimate and underestimate. These
norms aregenerally more restrictevthan the cumulated absolute error norm since uncertain parameters
tend to fluctuate above and below their forecasted value. In virtue of the distinction introduced within the
model between positive and negative forecast ernmzosing a specific norm on each signed error com-
ponent leads to a resulting bound on the cumulated error value which is significantly more restrictive than
what would be obtained from the absoleteor norm (Eq106)) with only one of the error components
different from zero.
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Finally, | propose the adoption aimp limitationson error variations from one timestep to the following
since errors on energy profiles (arrelativelycoarse timaesolution mesharegenerally autocorrelated
anddo notabruptly movewithin the uncertainty spacéhis constraint helps irepreserihg arealistic con-
tinuous error trajectory:

Th Tk 1 Lo Ron T (109
If the error is split ino its positive and negative components, in order to properly entioedieni tation on
the instantaneous error variatiomposingconstrain{109) on the net forecast erfioris not sufficient, since
theramp constraint osigned components and]  (which are the ones actually affecting the recourse)
could be bypassebly consideringboth components different from zero at the same time. Therdffiare,
uncertainty ramp constraint must be enforced alsih@iseparate components

T8 1 & W] o8 N (110
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Constraint(109) is on the other hand stilelevant since the constraint on net uncertainty variation might
converselbe violatedor exampleby consideringimultaneousind opposite variations for its signed com-
ponents.The fact that to b@roperly enforcedhe rampng constraint has to bienposed three times, in
addition to the coupling between different time instants that it introduces in the problem, makesitige ramp
constraint particularlgomputationally expensive.

It is important toremarkthat in this work forecast errofisare preferentially expressed in absolute (ener-

getic) terms, instead of percentage deviations from nominal. Thisrisadequate for uncertaiparame-

ters, such as the PV power generation forecast, which forecasted value varies in a wide range across the
simulation period. In this case, the percentage error at low forecasted generation output is on average sen-
sibly higher than at high forecastealues. This characteristic of forecast error is not properly modeled by
imposing an uncertainty budget on percentage variations.

4.5 Limitatiors of the Affine Decision Rules

Decision ruleshould include all possible corrective measures that could be imutiednehen operating
an actual MESIndeed, the more flexible thdecisionrules are, the less conservative the optimal robust
solution will be, with a positive effect on the overall performataeally, assuming a fully flexible func-
tional expression oforrective measurepe , the optinal recourse policies could leffectively used for

the realtime control of thesystem However, plain affin@lecisionrules not accounting for second stage
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binary variables are not sufficiently flexibletgproduce the actual corrective measures that one could use
in practice leadingin turnto overconservative scheduling solut®n

According to the analysis developediiis thesishbased on extensive tests on wealld case studies, the
major limitations of purely affine decision rules are the following:

1) Inaccurate modeling of battery charge/discharge efficiency in the recourse laws;

2) Overconservative decision rules for units with multiple outputs (e.g., CHP and CCHP engines);

3) Impossibility to consider recursive stanp/shutdown of quickstart units (e.g., gas boilers);

4) Overconservative management of storage units and units with dynamic constraints (e.g., ramp

up/down).

To t he bes tsknoMedge, meprediaus wolikas Bighlighted limitations 1, 2 and 4 of AARO,
while several recent papers can be found addressing limitation 3, by proposing integer decision rules (e.g.,
[66]), or resorting to fully adjustable mixadteger recourse (without defining decision rules, e.qg.,
[67][68]). On the other hand, assuming plain affine decision rules allows deriving a tractable formulation
of the rolust counterpart, as doneRaragrapi.3, by reformulating the infinite number of constraints into
a finite number exploiting linear programming duality. If binaggend stage variables were included, the
nonconvex structure of the constraints would prohibit the use of duality results, calling for more sophisti-
cated (and computationally intenspapproachef66].

4.5.1 Improper modeling ofecursivebattery efficiency

It is worth noting that the recursive net storage povegiablei r},, composedf charge and discharge
variablesQ ry, and 1}, each penalized by the corresponding discharge/charge efficieqc{s8)), may
underestimate the storage efficiency in recursive @disgharg operatiors. In the deterministic problem
formulation, the optimality of the solution implies that flux componéhtg and Q) ;, are never positive

at the sme time, since this would introduce an unnecessary energy loss in the charging / discharging pro-
cesses. This is also true for the first stage decisions of the proposed AARO formulation. On the other hand,
the AARO formulation might require that baghry, andQ ry;, are different from zero at the same tifrie

the recourse. This occurs whenever the battery must change the direction of the net exchange in the recourse
with respect to théirst stage(nominal) operationFigure 10 shows the recursiveet energy flow ry ex-

changed with the battery as a function of the data perturbatasit is represented by purely lingi&ci-

sion rules(Figure 107 left) and as it should be represented accounting for integer re&igsee(10 i

right). In the examplshown in the figurethe nominal (first stagesplution is to discharge the battery (net
nominalpower flowin | 1T is positive) while the optimal recourseéecision is to decreas§ as the
perturbation increases (e.g., overproduction of electricity from intermitRfag. Above a certain value

of] ,inf turns negativeindicating that the recourse decision is tongfesthedirection ofbatteryexchange

(the unforeseen intermittent production increase is high enough to start charging the Baikeop)plots
alsoshow therecursive storageharge and discharge power componé&kitsandcr) . Since both must be
positive and linear betwegrn= 0 (nominal solution) and the maximum value of the perturb*atﬁ_(morage

lossexR occurringas cansequence of purely linedecision rulesre overestimatedince the loss term
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is appliedon both the charge and discha@Emponents and not on thetrexchangeThe bottordeft plot
shows the AARO modekpresentation of recursiwmergy los® as function of , compared to the real
casdossr  (reaching zero when the net exchange flow = 0). Figure107 right shows howthis issue
could be overcome adopting a conditional lindegision ruleabe toselectivelyact onasingle charge/dis-
charge power componefi] andcr) . In order to do so it would be necesstryadopt piecewise linear
decision rulegeaturing binary recourse variables and optimized break points (se@gwhich would
substantially increase the computational cost of the probtamust also be noted that since teision

rulesdepend on thhistory of the perturbatio, the identification of the breakpoints is not easy.

Linear Policy Conditional Linear Policy
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Figure 10: Plot of the net energy flow exchanged with the batfely)(and energy loss as functions of the data perturba-
tion] . Topleft plot shows the charge and discharge power components of the §2ftemyd a) in the AARO model.ie bot-
tom-left plot shows thenergy loss compared to the real cas€he righthand plots showthe correct solution which requires a

conditional lineardecisionrule.

4.5.2 Overconservativalecisionrules forpoly-generation units
Another relevant impact of the absence of conditional recourse is setpoint overcorrection for cogeneration
units (e.g., CHPrgines) when the two or more demands of the output energy are uncertain (e.g., electricity
and heat). As a simple example to show this isisuthis Paragraph isimulatedwith the AARO MILP
model the case of a single CHP engine {degreeof-freedom CHP unit) supplying heat and electricity to
an islanded system affected by uncertainty of both heat and electricity demands. Due to the lack of storage
systems and dynamic constraints the engine (e.g., ramyp/down constraints), the engidecisionrule
should depend only on the current uncertainty realizationsdi.ep, ;; TQ€E @ oA 1). Temporal
indexes are therefore omitted in the following descriptions. &ifgine load musthereforepe adjusted on
the basis of the current pair of actual energy demafddiQ , without beinginfluenced by the past
forecast errorsFigure 11 shows four possible forecasted combinations of thermal and electric demands
(denoted with points ABo, Co, Do) and, around each forecasted point, the boxes defined by all possible
uncertain perturbationBoints A,B1,C1,Cy, €  Pwithin the boxes represent examples of possb&rgy
demand realization3he partload operating curve of the ICE can be well approximated with a linear func-
tion between the minimum and the maximum load, linking thermal and electric powpert (see, e.g
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[70]). The optimal operating point of the engine (falling on the engine operating line) identified by the
AARO madel for each demand combination are denoted MiB%,C%,C% é ©
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Figure 11: Plot of the energy demand and ICE operating points (hominal and corrected) in thehateliagram. The points
have been obtained by solgithe AARO model. For demand points falling in the red regions, the affine decision rules are over
conservative (the engine load is higher than required to meet the demands and the excess production is wasted).

For any possible point (i.e., realization)thin the uncertainty boxes, the operating point of the engine is
required to provide electricity and heat production higher than or equal to the corresponding demand. To
compensate both electricity and heat demands for any potential uncertain realithtiothe uncertainty

box around poinfy, it is sufficient to follow an affinelecisionrule depending only on the electric demand

deviatiori Q (i.e.,® D F — ® j =W  =0), corresponding to thelectric-driven

operating mode (the engine follows the electric load regardless of the thermal load). This is due to the fact
that in the nominal solution the engine generates more heat than required in any potential scenario associ-
atedwith Ao, Excess thermal power is wasted. Followihgelectrial load variation ensures that for any
possible combination gferturbations] 'Q h 'Q heat demand manifestati@ is met. The opposite

occurs for the potential combinationsheating and electricity demands around poigtvihere thedeci-

sion ruleadjusts the engine load only on the basis of heat demand perturt@tidne.,c0 5 ©

T = O j =—ﬁ,), correspondingo thethermaldriven operating mode. In both cas&sand

Bo, the affinedecisionrules meet the combination of thermal and electric demands with the minimum pos-
sible engine fuel consumption and thus are energetically and economically optimal.
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In the cas of pointsCo and Do (in Figure11), the uncertainty box around the demand pairs crosses the
operating map of the engiimdicating that there is not a prevailing demamatalways univocallysets the
engine loadwhile the dher isautomaticallymet).In the idealdecisionrule, if thecombinationof the two
demanddalls above the enginpartioad linear curve, the engine should operate inefleetric-driven
mode while if it falls below the engine should operate inttreemal-drivenmode However, implementing
such ideatecision rulerequires the use of binary (conditional) variables which are not allowed in the plain
AARO framework used here. This impossibility of switching from electric to thermal driven corrections
leads to overconservative solutions as shown for points@, C;, and D, Dy represented ifigurell.

Specifically, in thedecision ruls associatedith nominal point G, &  must be zero because if the load
were reduced proportionally tany potentialthermal demandeduction the uncertainelectric load

‘Q might not be metAsfor ®  , the optimabecision ruldeaturesy ; = 0 since the nominal engine
thermal production is sufficient to meet any possible positive perturbation of thermal démar{iaving

® > 0 would cause an unnecessary es@mrection of the engine loaslith consequent increase fue
consumption). The factthat ;; =0 does not allow decreasing the engine load on the basis of the thermal
demand (i.e., adopting the therralven mode) when the realization of uncertain demands lies below the
engine map. In this case, the atldecision rule(which minimizes the fuel consumption of the engine)

should switch from electridriven to thermabriven ® ; —— @ 1) but such switch is not
h

possible under the AARO framework. The optimal affiteeisionrule found in our robust AARO model
performs an affine mapping o2 into the segment of engine loads defined by poifsu@ C; which
preserves feasibility under any possible realization of the uncertain demands. This affine map is shown by
the segments connecting the demand pointsGg; Cs with the corresponding engine operating poirfis C

C%, C%in Figure11. Compared to the idedkcision rulgthermatdriven), the engine loads are higher than
necessaryleading to thalissipation of both electricity and hedhe decision rulds thuscertainlysubop-

timal.

For point D, the decision ruleassociatedvith positive perturbations of the two demands must include

affine positive coefficients associataith both independent demand perturbations (@e. ; —
T © f —H), to guarantee feasibility in the two opposite cds€s: 1] Q T, and Q

mtand Q 1L In particular, for 'Q , the optimabecision ruld@s an affine map 6f'Q into the segment

of engine loads defined by point&Rand O¥. Suchdecision ruldeads to a thermal production greater than
uncertain thermal demai®@ whenevemt 1'Q 1'd (load overcorrectiomdsshown inFigure11for

points D, and B.. Thermal excess production is zero only wh&h is equal to its maximum value (point

Ds). Moreover, if both demands have simultaneous positive perturbationsd@o#énds are higher than
forecasted, e.g., point7p both affine corrections depending on electric and thermal load increase will be
applied at the same time, leading to an overall increase of the engine load higher than necessary (engine
load overshootig). In turn, the load overshoot may also imply a limitation on the maximum nominal (first
stage) engine load which is tighter than that required by the potential perturbation amplitudes (represented
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by the dashed boxYhe engine load is not optimally cented also for Q 1t (i.e., when there is a
negative deviation of the electric demand from its forecast) since must be zero: if the engine load
wasdecreased proportionally to the electric dem#methermal production might not be sufficient to meet
the thermal demania all pointsfalling in the triangle below the ICE pddad curve. The resulsthat, in
case of electric demand reductions,&hgine loadhot altereddissipating any excess production according
to an overconservative strategy.

In summary, for all uncertain demapdirsfalling within the green regions @figurel1l, the engine load is
correctly adjusted, while for the demand combinations within the red regions the engine load correction is
suboptimal since it is associated to unnecessary energy dissipation.

4.5.3 Useof quick-start units

The abence of second stage binary variables does not allow considering the poteniigd/startdown

of quickstart units in the recourse, to deal with uncertain perturbations. @faia or piecewise linear
decision ruls only allow for load adjustments the recourse, limiting unit commitment decisions to the
first stage and imposing that all required units, even if their contribution is needed only for extreme uncer-
tainty realizations, must always be in operation. Normally, this involves dispatchm@tmainimum load,

with negative effect on system performance. On the other hand, unlike large power plants, boilers, gas
turbines and internal combustion engines can generally be quickly switched on/off according to the actual
needs, implying the possity of reattime adjustments of commitment decisioiscounting fa this kind

of flexibility wouldlead tosignificantlymore efficient operating solution&.potential modification to the
AARO formulation presented in this Chapter is discussé&dir2and tested in Chaptebsand®6.

4.5.4 Dynamic Constraints

The state evolution afnits featuring dynamic constrain{e.g. storage systems, unitih load ramping
limitations) must be constrained also in the second stage (i=x)oas a function of the uncertainty realiza-
tion. In particular, sucltonstraints on the state variabtaast holdunder any possible uncertainty realiza-
tion and thismay leado inefficient utilization of thesanits.An exampleof the inefficient manageemt of
storage systems is shownFigure12 for a systentomposed o$olar PV panels and a batteWhile the
demand uncertainty is neglected, the PV prtiduds assumed to be uncertain with a maximum positive
variation of 6 n . The figure shows how a deviationd in the PV array powegenerations managed

by thedecision rulesf the AARO model. The battery charge power recursive corregtign , com-
puted according to the optimaécision rulebased on the observiedd f history, causes a storage con-

tent deviatiorw 6] @  (solid blue line) Insteadwd | 6 | (dashed blue lingepresentshe storage
contentdeviation that would follow a consistent maximum forecast error occurring in all timesteps. As this
line reaches the maximum battery capacity, the PV production must be curtailed/wasted. While in an opti-
mal strategy P\generationshouldbe curtailedonly when the storage unit is fully charged, the AARO
formulation is not able to represehis conditionalrecursive actiorandcurtailments triggeredalsowhen

it would not be necessaryhis correction is not optimal as energy is wastgtdoutreaching te maximum

battery state oftharge, decreayy the capacity of the storage to compensate net demarehses ifater
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timesteps Depending on thepecificproblemcharacteristicge.qg.,if a threshold orthe maximumenergy
dissipaton is impose} the firg stage (nominal) solution could also be negatively affebtethe limited
flexibility of the decision rulesAnalogousconsiderations can be done, for example, ototiver bound on
the charge level anohthe ramping constraints of tigenerators
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Figure 12: Example ofnefficientPV productioncurtailment due tdimits of the affinedecision rules

4.6 Model Adjustments

This paragraph proposes potential model adjustments that can be implemented according to the character-
istic of the considered application, in order to improve the computational effectiveness of the formulation:
due to the extremely large size of tinactable robust counterpart problem, computation time is often a
barrier to the practical adoption of tAARO formulation.

4.6.1 Partialpast recourse

The general form aherecourse coefficients matrts; ;5 presented in the previous section requires non
anticipativity of thedecision rulegi.e., therecourse matricad;, aretriangular lowey and thedecision rule

depends on all full history of past realizations of the uncertain parameters (e.g., the storage charge/discharge
rate at timet can be adjusted on the basis of the energy derfegadast errors occurred in all previous
timesteps For certainapplicatiors with limited dynamic behavior (i.e., with no or relaxed ramping con-
straints and with no or limited storage capagcitlie optimal corrective actionsit a given time depend
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essentially on theincertainty realizations occurred tine latest timesteps. Indeed, if the system has no
storage units and no time linking constraints, each time instant is indepefithendthers: thus, the optimal
decision ruls are functionsonly of the current perturbation (i.e., the recourse coefficeatrix @y, is
diagonal). Lorca et 4I71] already explored the possibility of simplifying the form of recursive polices t
improve computational performance, showing how less general versions of the affine policies can yield
good results in terms of overall performance while sensibly reducing problem complexity.

In light of these considerations, to reduce the number @hlas of the robust problertine idea opartiat
past recourse here introducedwhich limits the number of recourse coefficients by defining a recourse
temporal deptfhrepresenting thiower bandwidthof matrix &, :

Orpp TV T TAE O | "AON N (112
Of courseadoptingthe partialpast recourse simplificatidior problems featuring storage units astdw-
ramping generatotamits thedecision ruls spaceand may lead tsignificantlymore conservative solutions
compared to the standaagproach (fulpast recourse)lhe practicalapplication of the partialecourse
strategy to realorld problem igdiscussedn Chapters$ and®é.

4.6.2 Uncertainty factors aggregation

Theenergy demangdrofile and theproductionof thecorresponthg nondispatchablgeneratorge.g., elec-

tricity demand and PV productioganbe consideredh separate uncertaparameter. Alternatively, they

can be aggregated, in order to considentiteenergy demarak a single uncertainty factdris important

to note that, while the two approactaes equivalenin the deterministic scheduling probldormulation

there is a significardifferencein the robustormulation Specifically handling them as separate uncertain
parameterallowsdefiningdecision ules which feature separate response coefficients with respeatto

of the forecast error§ hisincreaseshe degrees of freedom of the recourse actions but, on the other hand,
it leads to two important drawbacks:

1) since the two factors are considered tandependentne from the othethe worstcase condition
(maximum deficit of renewable production and maximum peak of energy demand) may lead to
overconservative solutions

2) alargersize ofthe uncertain parameters seteads to a substantig@creag in thenumber ofdual
variablesnecessary for the AARO problem reformulatiamich mayimply impracticablecompu-
tational times.

To avoid these drawbacksproposeto groupall uncertain faairs affecting the net demaraf any given
energy forminto a single uncertainnet demand. Its uncertainty can dearacterizedy combining the
uncertainty sets @fll uncertain parameters affectinditis important to notice that, although for the @as
explained it is convenient tieal witha singleaggregated uncertain parameter, it is fundamental to preserve
the independent uncertainty characterizateferred taall individual uncertainty factors that contribute to
net demand uncertainty. This due to the fact that a given net demand might result from very different
combination of load demand and roispatchable generatipascenario ofow demand an@bsenihon
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dispatchable generation might correspanderms ofnet demandalue,to a sceario of high load demand
and high nordispatchable generation. It is apparent haweprding tavhich scenarigyields the same value
of net demandheassociatedincertaintyis extremely differentln this thesis uncertainty factors are there-
fore always baracterized independently, and the uncertainty ssyjaregated uncertain parameters is con-
structedcomposinghe independenincertaintysets of each uncertainty factor.

To preserve the conservativene$she formulation accounting foeach uncertainty factor separatdlye
maximum positive and negative deviation of net demand of feachof energyQ w at timed must be
computed ashe sum ofmaximum upwards/downwards deviations of efaator’ O~  affecing net de-
mand’QSince nordispatchable generatgpsoduction potential contributes with a minus sign to the iden-
tification of net demandheirupwards deviation bounds will contributetbe definition ofthe downwards
deviation bound of net demarald viceversa:

1Qr  1Qf 16 M
170w, on (113
1Qr  1.9Qp 10y
Where™ w is the subset aiondispatchable generatdrsw producingenergy formQ .

Similarly, each uncertainty budget for net demand@ should be computed, to preserve the same

conservativeness of the independent uncertainty characterization, as the sum of eachurelextairity
budget:

W W W
NT Y

w @ @ 1w (114
NT W
Ny

On the other hand, i important to remembénatthe parameters characterizing threertainty set of each
uncertairty factorare obtainedh this thesigrom a statistical analysis of forecast err@seParagraph.2).
Instantaneous deviatidoxesand cumulated error budgets are associatdda givenconfidence interval

on thehistory offorecasterror observationdVhen composinghe independent errors into a singlkeor
manifestationsumming the percentiles of tiredependent observations yields a conservatneertainty

space, since it is unlikely that all uncertain quantities hit their maximum deviation from forecast at the same
time. To limit the conservativeness of net demand uncertaintgiget, propagatiotechniques cathusbe
adoptedSpecifically, error propagation theastates thafior the sum of independent uncertaariablesw
characterized by standard errélsthe standard erraf the sum can be obtained by adding in quadrature
the standarérrors of alluncertain variables [72]:

64



a ® w E (115
Q Q@ Q¢ E (116
Although inappropriate from a strict mathematical point of view (a detailed accounting of the interaction
betweerconfidence interval goes beyond the scope of this warldvaluating the model performance on

thetest cases described in the next Chaptexplore the application of the described error propagation
techniques to the definition of net demand uncertainty set:

1 Qp 1Qp 1.0 I . .
NT Y l ’Q W,ON (11D
é
& ® ® .
- 1w (118
é
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5 DAY-AHEAD OPERATIONSCHEDULING

In this Chapter, the two formulations of the scheduling problem proposed in the previous Chapters are
numerically comparedsxamining three redife case studies: an effrid sub-Saharanelectric microgrid
and two gridconnected CHP applicationa:Hospital and a University CampuBhe comparison idevel-
opedby producing actual demand and RES production forecast proféasrting to different forecasting
techniquedased on the available datat to serve amputs for the system nominal scheduling operation
Daily nominal scheduling is assumed to be determ®4elaours in advance, based on dalyead forecasts.
Actual system operation is then evaluategtounting for the reatlemand and RE§enerationprofiles
tackling the reattime dispatch probleraccording toa twolayers EMS structurethe first layerdefines the
strategicday-aheadscheduling decisions, suels unit commitment schedwded nominal storage usage
profile, based on either the deterministic or the rolprstblemformulation the second layeadopts the
strategic decisionsaken bythe first layer and manages retiine unbalances according thfferent pro-
posed algorithmsThenature of the second layer algorithm and its interaction with the first ldgpend
onthe problem formulation adopted in the first layBpecifically, twalifferentsecond layer approaches
are proposed. Firstlyrule-basedsecond layes; whichdefine adjustments to tmminalscheduling plan
according to predefineddecision rules, are evaluatedAt this stage e optimaldecision rulsyield by the
AAROformulation are compared witheuristic dispatctalgorithms specifically developed for each case
studyto adapt the deterministic scheduling soluti@econdlya more homogeneous Mitfased second
layer algorithmis proposedbased ornhe Shrinking Horizon approach arfdaturing a deterministisecond
layer problem formulationwith the addition otonstraintsto enforcethe strategic decisions taken by the
first layer. Two operating modes apmnsidered in this second comparison: Fixed Unit Commitment Mode,
in which theday-aheadcommitment plan defined by the first lagannot bechangedoy the second layer,
and Modifiable Unit Commitment Mode, in which the commitment status of-gusigtkunits can be
changed by the second layer with respect to the first layer plan.

This Chapterand Chapte6 analyze and discuss thdvantages and differencedated taackling theUC
andED problem resortingitherto therobustapproachpresented ifChager 4 or to the deterministic ap-
proachfeaturing reserve constraints described in Chegt€he two formulations are compared by means
of an extensive numerical testing campaigmderdifferent ses of assumptions on theharacteristics of
thedeployedEMS and for a variety ofase studieand system designs

To effectively compare the proposed formulatiarg] toproperlyassess theperformancaevhen deployed

in reatlife systems, a substantial effort was put in defining simulation sfrarkes representative tdal-

istic managemertonditions and inproposig architectures for EM8verseeing system operatiocompat-

ible with practical offield implementation. Real dataset of demand and renewable generation potential,
from ontfield measurements collected byrindustrial partners in redife MES and microgds, are used

in defining the case studies.

All the EMSsproposed in this workperate based on the structure depictéddnrel3: based on forecast
information, a nminalschedulingsolution is identifiedy resorting to one of thglILP scheduling problem
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formulations. Real forecast profiles, produced adopting various forecasting techniques based on the avail-
able information, are used as input for the first layer lpratsolution. he actual system performanee

forecast errors are in turn observistevaluatedby introducingalower level management algorithmhich
introduceseaktime adjustmerstto the nominal first layer scheduling solutibased on the manifestation

of the actuablemand and RES generation profil€ke impact of forecast erroos performanceand the
suitability of the scheduling problem formulatiaaconfronted with thénputsnon-deterministicnatureis
therefore accutaly accounted for

External Inputs System Operation

Day-ahead forecast FIRST LAYER

(Deterministic / Robust formulation)

Commitment
Decisions

)

lStrategic decisions

TN Realftlme_ _Dlspatch
I Decisions
I

System status monitorinig

SECOND LAYER

Figure 13: two layers EMS general structure

In this Chaptertherobust and the deterministapproaches ar@pplied tosystems operating according to
aday-ahead schedulingptimization:based orthe forecass of demand and nedispatchable production
for theupcomingday and the corresponding uncertaintlye commitment plarof all unitsand thecorre-
spondingnominal dispatchsolutionareidentified by the EMS first layer. During the rest of the dayhe
EMS secondayer takes care of adjusting the referedispatchsolution,accounting for thetrategic deci-
sionstaken bythe first layer The second layatefinesthe setpoint of all units andyhen possiblgintro-
ducescorrections in the Unit Commitment schedule identified by the first |ageaccount forthe actual
manifestation of uncertain parametérhis kind ofdayahead schedulingpproach is commonly adopted
in systemsvith a medium or low level of automationhere thestartup sequence of most units is overseen
by anoperatobased ora predefineccommitment schedulihat itis unpractical to frequentiymodify.

Threedifferentsecond layer algorithrmere considered in this Chapter, reflecting different assungption
the systemmanagement strategyd control capability:

1) Rulebasedsecond layer algorithrfiParagraplb.4);
2) MILP-based second layer algorithm with no fade commitment adjustmenBaragrapl);
3) MILP-basedsecond layer algorithwith reattime commitment adjustmen{Baragrapl®).
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5.1 Test Cases Definition
The numericatesting campaign is performed dnweedifferenttes cases:

- an electric sutsahararoff-grid microgrid;
- a Combined Heat and Power (CHP) generation system for-aaritected hospital;
- a CHP generation system for a gaohnected university campus.

All test cases areepresentative of actual existing ®m®s.The gofiles of emand and nedispatchable
generation potentidbr the islanded microgrid and the hosplfé8] arebased oractualon-field measure-
ments providedby industrial partners operating real systewisile load profiles for the campuase recon-
structedbased orphysical modelg74]. The key data relative to each case staysummarized ifiable

1 (specifying type and chagteristics of internal energy demands and accounted uncertainty sources) and
Table2 (listing the installed units in the alternative designs considered for each casefstutlyg orgrid
Campus test caspeakpower and daily demand arglative tothethree seasongpresented in the dataset
(respectivelywinter, summerand midseasa).

Tablel: test case characteristics

Energy Provided
Test Case E Peak Power Da”y Demand Uncertainty Factors
nergy MW ] [MWh/day]
Off-grid Micro-Grid | Electricity 11 14.2 Electric Demand
) ] Electricity 19 353 . .
On-grid Hospital Electric + Thermal Demand, PV productig
Heat 4.6 83
i Electricity | 2.8/3.7/24 | 26.1/28.9/225 . )
On-grid Campus Electric + Thermal Demand, PV productig
Heat 10.3/0/35 66.4/0/134

The system design considered for thegsfl microgrid corresponds to the typical hybrid microgrid archi-
tecture adopted fanedium/largeoff-grid villages The diesel generators provide the necessary reserve to
compensate for PV fluctuations and ensurgesy stabilityFor the Hospital antniversity Campus case
studies, several different system designs have been considered, accounting for various combinations of
installedRES capacity,generatorgechnologiesandstoragesizes. The performance of thetekeninistic

and robusformulationsis therefore compared in a wide set of realistic configurations, to derive results as
general as possibl€able2 lists type and size of the installed units in all alternative designs considered for
each case study
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Table2: design configurations anihstalled units for the three case studies

QSLiiaCrlf Microgrid Hospital Campus
CONFIG URATION
HA HB HC HD HE HF HG CA CB CcC

UNITSS

Dieselgenerator f\We| Y 2 x 550 - - - - - - - - - R
g e ergne k| N | D0t | Dyt ZaeoT 2T e eer [ e
Naturalgas Boiler [K\W,] Y - 3x1700 3 x 1700 2x1270 1x1270 - - - 1 x 3960 1x4170 1 x 5900
PV field [kW,] - 1x 1440 - - - 1x1000 | 1x1000 | 1x2000 | 1x1500 | 1x3150 1 x 3150 -
Heat Pump [kW] Y - - 1 x 2070 1 x 2070 2x 2070 2 x 1050 3x 2070 - 1x1670 - 1 x 1550
ORC CHP o] S I e B N ] I REv. R I B
BiomassBoiler [kWi] N - - - - - 1x1680 - 1x1680 - - -
ThermalStorage [kK\Wig] - - 1x1274 1x1274 1x1274 | 1x10000| 1x10000| 1x10000| 1x10000| 1x21140 | 1x28400| 1 x4626
Lithium-lon Battery[kWhe|] - 1 x 3600 - - - - - - - - - -
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Some of the units reported Table2 are characterized by dynamic limitations in terms of minirwm
time and upwards/downwards load rampilfigble3 summarizes the dynamic constraints considered for
each generator technology.

Table3: dispatchablegeneratorsdynamic constraints

) Natural gas CHP Natural gas ) ) )
Dieselgenerator - . Heat Pump ORC CHP unit | Biomass Boiler
engine Boiler
Min Up Time [h] 2 6 2 - 24 4
Ramp limit [%/h] - - - - 25% 50%

Unitary charge/discharge efficiency (no chaldjecharge lossesnd aself-discharge rate of 0.5%/h is con-
sideredor the thermal storage (Thermal Energy Storage System, TESS) Lvthilen-lon batteriegBat-
tery Energy Storage System, BESS§ characterized by 97% chaldjecharge efficiency and no self
discharge ratd-or both gridconnected MES (campus and haoabj hourly price profiles of purchased/sold
electric energy are considered in accordance with the Italian electric energy [fafket

5.2 ForecasProfiles and Uncertainty Characterization

As already mentioned, forecast profiles were generated for each case study by following different forecast-
ing methodologies, according to the available data and the characteristics of the uncertain parameters. Spe-
cifically:

- An autoregressive SARIMA model has been used for the electric load forecasofifghie mi-
crogrid(see Paragraph?2.));

- A simple forecast based oreakr sky radiation has been produced for the Somalian PV arrays, in
virtue of the very low PV production variabilifgee Paragraph2.l);

- Avrtificial Neural Netwoks (ANN) were trainedo predictthermal and electric load forecast of the
Hospital according to the method described46];

- A Moving Average was performed to estimate electricthedmal load forecast for the Campus;

- PV production for the CHP test cases was computed via the ANN descri@&dl in

Table4: historical data andorecast production

Available data / Testing , ) MAPE
Study Case _ Forecasting technique MAD [kW]
temporal resolution Set [%6]
Off-grid i PV Clearsky 16.9% 32.8 kW
, , 3 months,1 min 10 days .

microgrid Electric Load | SARIMA 4.9% 29.3 kW

Electric Load 3.9% 59.4 kW

CHP Hospital 6 montts, 1 h 21 days| Thermal Load ANN 4.9% 170 kW

PV (p.u.) 58.9% 34 W/kW

Electric Load Moving 30% 185 kw

CHP Campus 3 months, 1h 17 days| Thermal Load| Average 41% 660 kW
PV (p.u.) ANN 24.9% 42.3 W/kKW

Table4 showsthe available data and specifiorecastingechnique used in each case. The performance of
the alternative formulations was evaluated on a subset of the avdiahée(testing set
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The parameters defining the uncertainty sets have detenmined based on a statistical analysithef
forecastccuracy, encompassing the available datadet@tast errorsThevalues of vectomdefining the
uncertaintyspace? (Eqg.(78)) are set to meet tH@9.5" (0.5") percentile of forecastrrorsobservations
over theentire time series. Expected forecast errors, which appear in the objective functiomodiutie
formulation (Eq.(97)), are calculated as the averagfehistorical positivénegative forecast error compo-
nents. For the rural microgrtdst casgfor whicha larger forecast errolatasetis available due to the lower
profiles temporatesolution, error boxes and expecferkecast erroraredefineddifferently in each hour
of the daywhile for the Hospital and the Campoase studies they are defined uniformlgamsecutive 3
hrstime windows. Intraday and cumulated norms are imposed on 8 windows lasting 3 hours each.

800
/ VI ---- Forecast
= 600 1
= —— Observed
E) - 1
2 400 | .
- E— o)
~ U Lo ‘
COh® 1O
0 . I I
04:00 08:00 12:00 16:00 20:00
Time Nov 25, 2016
Figure 14: uncertainty space for PV production
Somalia LoadrorecastError (t=9 A.M.)
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Figure 15: Error probability distribution for the forecast of the electric load of the Somalian Microgrid at 9 A.M.. The figure
shows also the upper bounds of the uncertainty box and the positive and negative expected values.
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5.3 DeterministicProblem Formulation

The performanceof the robust approads compared with @ equivalenteterministicformulation of the
optimal management problem, corresponding to a cettain () and norArecursive (e ) version of
the MILP detailed in Chaptet. This is in turn,a simplified versionof the more general model presented
in Chapter3, adaptedo present a homogeneous comparison between the two formulations based on coher-
ent modeling assumptionldamely, the presentezhse studiesnly account for units with linegrartload
curves which could not be represented in the affinely adjustable modétmgework.Nevertheless, this
is an assumptionormally madein reatlife systems, since the uniése often accurately represented by
linear curves in their typical operating rangeserve constraints described in Paragf@plare used to
impose a degree abnservativeneds the deterministisolution While a fixed set of power deviations is
considered in each testise, according to the accuracyttod forecasprofiles, the energy reserve duration
“Y is used as controllable parameietune the deterministic formulation conservativeness.

5.4 Rule-basedSecond LayeEMS

As an initial comparisorthedirect use of théAARO decision rulesn the EMS second layés compared
to the adoption ohdhocrule-baseddispatch strategiedevelopedo correctthe deterministischeduling
plan, adjustinghe dispatch profiles according to thieserved net demand profilésach day is considered
sepaately from the others, enforcing cyclic constraints on the nominahdasd solutions. Nominal UC
planand dispatciprofilesare determineth both caseby the EMS first layeat the beginning of the day
based orthe dayaheadforecastsof demand and medispatchable production aride corresponding un-
certainty Then,a differentadjustmentlgorithmis followed by the second layeaccording to the formu-
lation adopted for the EMS first layer

- If the AARO formulation is adopted in the first lay¢ne second layersetpointadjustmentsare
computedy following the optimaldecision ruleyield by thefirst layer solution

- If the deterministic formulation is adopted in the first laybe second layesetpointadjustments
arebased orarule-basedalancing stratggspecifially developedor eachcase study.

When adoptinghe AARO formulationthe UC plandetermined by the first layer solutigmnever modi-
fied, sinceit alreadyensurs sufficientgeneration capacity to cover fanynet demand scenaramdsince
the second layecorrections are based on tthecision rulesin the offgrid electric microgriccase study
the nominalJC planis never modified also when adopting treerministidormulation sincethe stability
of the electric system would bemediately compromiselly insufficient generatiortapacity giving no
margin forthe recursive startip of diesel generatarSolution conservativeness musherefore be en-
forced only by meansf adequateeserve constraint€onversely, inthe CHP system&mporarydiscrep-
ancies between demand ayeheration can be toleratsishcethe thermal inertia adheheating distribution
systemand of thethermal loadge.g. buildings)elays the effect of insufficient generation commitment.
Therefore the deterministidirst layer formulatiorfor the Hospital and the Campoase studiedoesnot
enforcereserve margins on thermal generation capacity,ta@dule-basedsecond layer algorithroan
modify, in addition toall setpointsalso theunit commitment of quicistart units (e.g. boilers, heat pumps).
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The smulations ofthe off-grid microgrid test casareperformed withe temporal resolution 0 mirutes
and thereforeepresenamore dallengingproblemin terms of computational complexitiyor this reason,
theoff-grid microgrid test case is usedewaluatdour alternativeAARO formulationsfeaturing the ad hoc
modifications presented in ParagrapB Theeffectivenes®f the proposed modifications is assessed both
in terms of solution quality anaverage problem solutidime. The following robust model formulations
(summarized iTable5) areconsidered

- FormulationRO0 consists of the standafdARO formulationwith piecewise affine decision ruls,
featuringa basicbudgetuncertainty set (Eq104)-(106), >k ") and fulkpast recoursée.qg. re-
course matrixe& diagonal lower]54]. Uncertainty on energy demands and-d@patchable pro-
duction (i.e., PV production¥ accounted for separately, with an independent characterization of
the two uncertainty sets;

- FormulationR1 includes the full uncertainty set characterizations proposed ith#sss(Section
4.4), represented by equatiofi4)-(109);

- FormulationR2, in addition to the enhancements of formulati®h, considers an uncertain net
energy demand (energy demand minus the energy production fredispatchable production)
and the associated uncertainty set obtained as the-eamstcombination of the demand and pro-
duction uncertainty setas discussed ineBtion4.6.2

- FormulationR3, in addition to thenodifications introduceth R2, features the partigdast recourse
approach discussed in Sectidr6.1to limit the computational time. In particular, thecourse
temporal deptff is limited to 6 hoursihead of operating time

Table5: alternative robust model formulations

Name RO R1 R2 R3
Extended Uncertainty Characterizatidtatagraph4.4) N N N
Uncertain NeDemand Paragrapl#.6.2 N N
Partialpastrecourse Paragrapi.6.]) N

5.4.1 Rule-basedsecond layealgorithm for offgrid microgrid

Therule-basedsecond layer correction logic developed for thegpifl microgrid monitors the status of the
system, namely generators load &i5SState of Charge (SOC), and decides how to share the net demand
forecast error among all the units accounting for theadievi of the actuaBBESSSOC from its expected
trajectory (from dayahead optimization) and for the technical limitations of each unit. The-Bimgk
scheme of the algorithm is reportedrigure 16.

73



! ‘Q SYSTEM STATUS MONITORING |
| 6 126 (@ Qs) (6ns 61k) :
: 6n ; 30 O R O R :
! i !
l , o. NET DEMAND / BESS SOC |
| 125 TS, 2R T DEVIATIONS EVALUATION |
| |
| ! |
: 3 m . 30 ™ 30 m 38 ™ :
[ %0 %0 [
I 6 8 6 8 !
| |
L |
| I
| |
| [ﬂh o9 "Y“O}— ULIERIY :
| |
| |
| . . |
| . P 0 o - . |
| L L lEé 95 N R 1QH>H I O I L I ‘ |
: | I T | SET-POINT REGULATION |
| |
| g TABEG g Jha ) |
e I T e e

[ 0 FA@EM; in gD D ) ] SET-POINT ASSIGNMENT
I
in & TA@EGR & Qffn hd )
0oy [ A@y O in g
An TAB in 5 Qphrt

Figure 16: rule-basedreal-time correction algorithm for the affrid microgrid.

At each timestep, two main parameters are comptitedteviation of actual net demand from its forecasted
valugl Q j andthe deviation of BES®nergy conterfrom its nominalvaluew 0
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If net demand is higher than anticipated@(;, 1, and the BESS charge is above its reference
trajectory (0 0 1T, the battery compensates the entire net demand increase;

If net demand is higher than anticipate@®(;; 1 and BESS charge is lower than nominal but
above a lower capacity threshotd¢ TQO O ,theBESScovers a fraction of the hde-
mand deviation, decreasing@increasesiccording tahe split factolSF

oy 0O
YO e (119
Similarly, if net demand is lower than anticipatgd2 ; 1 and BESS charge is lower than
nominal but abov® (w6 mQO6 6 , part of the nominal excess production is used to
charge the BESS, according to a different"split"factor:
0 O
YOp % (120

As the BESScharge falls below the capacity threshdld 6 6 , defined as 90% othe
nominal charge, the algorithrthe BESS power is set testoe the threshold capacity



1 Finally, if net demand is lower than expeced ; 1 but the battery capacity is above its
reference trajectoryw 6 T, the BESS nominal power is not modified, and the entire production
surplus is used to reduce the laddyenerators

Once the BESS power has been determined (enforcing all limitations due to max charge/discharge power
and SOC), the totajenseproduction iscomputedasthe difference between the net demand and the cor-
rectedBESSpower. Once again, limitations due to ramp rates and min/max generator load are accounted
for:

0 i ABEIQ; 0 M 48] (121)
An auxiliary linear prograndistributeshe totalgenseproductionamong all the available generation units,
imposing all technical constraints and additionally considering a small penalty in the OFdoinsetar-
iation, so to avoid unnecessaamping.

Finally, the BESS sqtoint is adjusted tavoidunmet demand d?V curtailmenf which might occur due
to technicalconstraintaffectingthe generators setpoint calculation

5.4.2 Rulebasedsecond layer algorithm fgrid-connected mulienergy syems

Sincein the ongrid case studiethe connection with the national grid guarantees that the electric demand
can always be met, a prioribased thermadriven balancingalgorithmis adopted for the Hospital and
Campus CHP systems.
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Figure 17: Heuristicreal-time correction algorithm for the gridonnected MES.
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This approach represents a balancing strategy often used by MES operators, according to the idea that
starting from the optimal plan defined by the first layhe most efficient units should be used to balance
deviations of thermal demand from forecast, to minimize the new fuel consunmittelockflow dia-

gram of the logic is shown iRigurel7.

Based on the system status and the observed thermal defthedommitted generation capacity is either

not sufficient or excessive, the on/off status of gisitaet units (such as boilers and heat pumps) is modified,
accouning for all technicalconstraints orthe commitment variablege.g.minimum up/downtimg Then,
thethermal net demand variatisdistributed among the generation uwit€ording to an efficiency raking

list, aimed afprioritizing the usef the most eftient units. TESSchargédischarge profile is preferentially

not modified with respect to the reference trajectory defined by the first layer thdebermademand
deviationcannot be compensated by actorgy on the generation units (becauseeaathnical constraints

such as ramping limits or limitations in unit commitment adjustmdmts), the thermal storage contributes

to balance the system, deviating from its nominal trajectory. TESS capacity deviations are accounted for in
the energy balae of following timesteps, so to restore the expected storage level evolution as soon as the
required generation capacity is available. Electric system unbalances are compensated by adjusting the ex-
change with the national electric grid.

5.4.3 Off-Grid ElectricMicrogrid Results

Table6 shows the expected (dapead estimates) and actual (#@ale operation) overall diesel consump-
tion across the testing ped, for therobustand the deterministiirst layerformulationsconsideredReat

time adjustments are computed following tipimal affine decision ruls if the AARO formulation is
adopted in the EMS first layer, tirerule-based algorithrdescribedn Paragraplb.4.1 if the deterministic
formulation is adopted insteafio account forthe storage levetlaily variatiors introduced by the second
layer, which violate the cyclic constraint imposed on storage civatige first layer, hedaily BESScharge
deviationis accounted for as an equivalent fuel saimgconsumption)assessed as the fuel that would be
consumed to produce thamount ofenergy with diesel generators at the average generation efficiency
attained during the day.

Table6: comparison between robust and deterministic solutions

GAP (in- Service Interruptions Avg.
Expected Op- )
Simulation Mode erating,Cost ([302]'3 ;—\(;tuiaInOZer ocrgiailigver;t) UnservedEn- | Service Reli- Tsir?]lé
[ 0] (%] ergy [kWh] ability [%] Is]

OMNISCIENT (lower bound) 12605 14020 0 100 6.4

No reserve 12609 0.0% 12772* -8.9%* 5000 88.5 7.6

DETERMINISTIC 9 >=1h 13672 8.5% 14634* 4%* 1568 96.4 6.8
with/without Spin-

4 >=3h 15010 19.1%| 16573* 18%* 53 99.5 6.3

RO 13838 9.8% 16515 18% 0 100 406

ROBUST R1 13597 7.9% 15943 14% 0 100 778

R2 13618 8.0% 16097 15% 0 100 175

R3 13710 8.8% 16191 16% 0 100 48
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As a rekrenceTable6 reports also the optimal performance computed according to a deterministic formu-
lation with no reserve constraints in case of perfect forecast (i.e., in case thkedayforecast exactly
maches the actual demand and PV production profiles), demotetdCmn i s c i e nntthis.casdhé n c e
day-ahead UC and ED deterministic MILP has a perfect knowledge of the future profiles and can plan the
optimal solution without restrictions, its perffoam c e can be considered as a il
the performance of the other approaches. Indeed, compared to the omniscient MILP planning, the AARO
and the deterministic approaches need to resort to their respectitieneedispatch adjustment ategies

to compensate forecast uncertaiffiie distance oéach scheduling solution from the global optimum is
expressed as a percentage gap reispect tahe Omniscient solutiolAn omniscient benchmark is defined

both for the nominal (first layer) agion (associateavith the forecast profilgsand for the actual dispatch
solution(associateavith the real profiles of demand and rdispatchable generatipn

Results show how both the introduction of reserve constraints and the adoption of theorotuwistibn

cause an increase in the expected diesel consumption with respect to a deterministic solution without spin-
ning reserve constraints. This difference represents the cost of adapting the nominal dispatch solution to
ensure margins for reéime corections, to compensate forecast errors. For the deterministic formulation,
the expected operating cost grows rapidly with the energy rederaﬁonﬂ >m Yncreasingy 10% as the

energy reserve is increased from 1 to 3 hours. This is mainly dightertlimitations on storage usage,

which must maintain a higher level of nominal SOC to provide its reserve contribution and allow for safe
operation without active diesel generators. In turn, the increased solution conservativeness has the effect of
increasing PV curtailment. On the other hand, the nominal operating cost associated with the most efficient
robust formulationRR1) is about 10% less than the most conservative deterministic model. The robust for-
mulation is therefore significantly more castective in identifying an efficient yet conservative nominal
dispatch.

The introduction of the proposed uncertainty set characteriza®ibnléads to an overall recursive fuel
consumption reductioof about 3.5%with respect to the standard budget utaiaty set{R0), while almost
doubling the average computation time. The increase in problem complexity is mainly due to the introduc-
tion of ramp constraints ahcomponents (E¢L09), which introduce a strong coupling between different
time instants. Aggregating the demand and PV uncertainty factors (formuR&jdras a dramatic effect

on computation time, allowing toédtify the optimal solution more than four times faster than formulation
R1. This isdue to the significantly lower number of dual variables in the tractable robust counterpart (from
about96000to 47000). On the other hand, aggregating the uncertainrffaduces the degrees of freedom

of the decision rules, slightly worsening performandé®®:attains an actual (reéime operation) diesel
consumption which is about 1% higher tiRh Finally, the combination of uncertainty aggregation and
partialpast ecourse (formulatioR3) further reduces the number of dual problem varial@@8d0), lead-

ing to a reduction in computational time of an order of magnitude with resgettvithout significantly
affecting the solution quality.
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Figure 18: comparison of actual total diesel consumption between omnisd&etministic (Tres=3h) and robust (R1) formula-
tions over the 10 simulation day&)( Omniscient simulatiohas perfect foresight on actual demand and PV pofiled does

not account foreserve constraint®ispatch profiles for the thremodels areshown for day (B) and day 10C).

Compared with the robust formulation, deterministic-dagad UC shows significant limitations in terms
of reliability. It is important to notice that unserved energy is also associated with an avoided energy gen-
eration, which would increase the overall diesel consumption of the deterministic formulations leading to
service interruptions (marked with an asteriskTable 6). Although adopting higher reserve margins
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reduces the occurrence of service interruptions, none of the deterministic models systematically avoids
unmet demand during the 18ys simulated. The most conservative model en@&&84service reliabil-

ity. This is a significant limitation with respect to the AARO approach, which is not only reliable for the
uncertainty manifestations observed in the simulations but also for amypatiential uncertainty manifes-

tation encompassed by the uncertainty set.

Figure18-A shows a comparison between the omniscient, the roRa¥tand the deterministicY =3)
formulations, in terms of daily diesel consumption, for the simulated days. Detailed dispéitels poo-
responding to the actual system operation (actual demand and PV production) are also shown in two repre-
sentative days: day €igure18-B-left), during whid the robust formulation attains the largest saving with
respect to the deterministic solution, and day(Rigure 18-B-right), when converselyhe deterministic
solutionattains a lower costefficiencies in thalecision ruleseduce the advantage of the robust formu-

lation over the deterministic formulation as the actual fuel consumption is computed. Preandture
necessary PV curtailment (grey bars) can be observed in the robust dispatch profiles of both day 6 and day
10 due to the limitation of plain affine decision rules highlighted in Paragt&ph In day 6 though PV
curtailment is close to the minimum necessary to avoid violating the constraint on maximum storage ca-
pacity, although distributed across the BESS charging phase instead of being activated only ffigr reac

the upper BESS SOC limit.

5.4.4 Grid-ConnectedCHP System&esults

For the sake of brevity, only the best AARO formulation (R4) has been applied to the giédnnected

MESs. Due to the low temporal resolution of the problem considered in this cag€l$tydhe computa-

tional time is already limited and there is no need of introducing the simplifications of véR@ansiR3.

As for the deterministic simulations, no reserve margins are included in the MILP since {besedeaeal

time dispatch algdthm can modify the commitment decisions of quathrt units to meet thermal demand
increase. In each design configuration, the robust and deterministic performances are compared with the
deterministic omniscient solution (e.g. deterministic model faajurd reserve constraints and watper-

fect vision on future uncertain profiles). which provides the operating cost lower bound.

Table7 reports the results obtainadterms of daily average expected and actual operating costs, reliability
and unserved energy demand for the considered design configurations of the Hospital and Campus. In all
considered cases, the AARO formulation computes a higher expected operdt{dg\eakead) compared

to the deterministic model. However, for all designs except design HE (where the advantage of the deter-
ministic is minor), the robust approach leads to lower actual operating costs, thanks to the batteaday
commitment and to theffective dispatch adjustment prescribed by the optimal decision rules. The ad-
vantage of the robust approach is considerable for the designs featuring PV panels (i.e., hospital designs
HD to HG and campus designs CA and CB) because its affine deciksrcam compensate electric net
demand variations by adjusting not only the exchange with the national electric grid but also the load of the
CHP engines. Furthermore, the robust model consistently avoids thermal outages (i.e., unmet thermal de-
mand).
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Table7: results summary fahe MES systems serving thashitaland the campus.

HOSPITAL
Design Simulation Mode (zp;g?:itne; Opeﬁgttitrjél Cost| GAP [%] Unéfé\r/geg{k%wal Reli%ri\lgi;e[% ]
ost[ U] [ U]

OMNISCENT 68586 0 100%

HA DETERMINISTIC 68418 69048 0.7% 0 100%
ROBUST 68607 68943 0.5% 0 100%

OMNISCENT 59682 0 100%

HB DETERMINISTIC 59157 61383 2.9% 0 100%
ROBUST 59745 60879 2.0% 0 100%

OMNISCENT 59262 0 100%

HC DETERMINISTIC 58821 60606 2.3% 0 100%
ROBUST 59262 60207 1.6% 0 100%

OMNISCENT 54054 0 100%

HD DETERMINISTIC 53634 56007 3.6% 0 100%
ROBUST 54075 54999 1.8% 0 100%

OMNISCENT 177702 0 100%

HE DETERMINISTIC 176757 177849 0.1% 0 100%
ROBUST 176778 177891 0.1% 0 100%

OMNISCENT 93429 0 100%

HF DETERMINISTIC 92463 96033 2.8% 0 100%
ROBUST 92799 94542 1.2% 0 100%

OMNISCENT 171381 0 100%

HG DETERMINISTIC 170310 171990 0.4% 214 99.4%
ROBUST 170478 171927 0.3% 0 100%

CAMPUS
Design Simulation Mode %Zfz:itne; Ope’i\:a:ttil;,egljI Cost| GAP [%] Un;fg;;}c/!{kr\\/t\a/;]?al Reliiri\lﬁfle[% ]
ost[ U] [ 4]

OMNISCENT 20160 0 100%

CA DETERMINISTIC 17205 21855 8.4% 0 100%
ROBUST 17490 20955 4.0% 0 100%

OMNISCENT 33210 0 100%

CB DETERMINISTIC 30285 33345* 0.4%* 1970 94.6%
ROBUST 31755 34695 4.5% 0 100%

OMNISCENT 32925 0 100%

CcC DETERMINISTIC 31485 34740 5.5% 0 100%
ROBUST 31710 33525 1.8% 0 100%

Instead, the deterministic formulation incurs in outages in the case of Design HG of the Hospital case study
and design CB of the Campus case study. These two are the most critical design configurations due to the
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presence of a CHP ORC featuring tight racopstraints in design HG, and due to the undersized generation
capacity in design CB. In these cases, a robust management of the thermal storage is essential to meet the
unforeseen peak in thermal demand. In addition to ensuring operation feasibilgutvagnvice interrup-
tions,therobust approach alsxhievegconomic advantages as high a®d&@mpared to the deterministic
approachn the designs considered for the Hospital case sftlilg advantage further increases ug.i%o

in the Campus caseausty, where forecast profiles are more subject to uncertainty and the considered designs
featue undersized generation capadtymbined with large thermatorage systems (to meet the peak de-
mand),as well asunits with slowdynamics (slow ramp rates, longnimum uptimes and no quickstart

units).

To meet demand and production perturbations from forecasts, the deterministic approach often relies on
the realtime control algorithm to change the commitment status of egiak units (i.e., boilers and hea
pumps).This is shown irFigure 19, reporting the expected (danead) and actual (retine) production

profiles during one of the simulated days in the case of tdgfsign HC. In each timestep, two sets of
stacked bars (representing the energy production/consumption of each unit) are shown: the left stacks indi-
cate the expected (dahead) solution while the right stacks denote the actualt{nea) dispatch. Fequent

on/ off cause not only a r endincease iopollutart entishians (i paset s 6 |
of the combustiofbased units). In comparison, the AARO formulation (which cannot implemerttmeal
commitment adjustments) identifies ayghhead UC which is adequate to meet any demand and RES pro-
duction forecast error. The actual dispatch profiles identified by the three solution approaches (Omniscient,
Deterministic and Robust) are also shown for the same case skidyia20-B, while Figure20-A shows

a comparative summary of the daily operating cost for each approdehsimulated days.

Finally, Figure 21 shows the actual dispatch profiles associated with the three problem formulations for
two Campus design configurations. In the case of Design CA, relevant differences in the commitment de-
cisions can be observed between the deterministic and the robust solutions, both ingheathsnd real

time operationSince the forecast of thermal demamdierestimates the actual profile, several adjustments

in the commitment decisions are made byr#atime correction algorithm. On the other hand, the com-
mitment solution found by the robust model already accounts for the potential increase in thermal demand
planning more accurately tldischarg profile ofthethermalstorageT ha n ks t ot & hpil sthefinrionbgu s
robustsolutionleads to a daily operatingpst 7% lower than the deterministic solutidine difference

shown forDesignCB is even more relevant sinda this design configuration, thlhermal generation
capacity is undersized with respi to the peathermal demand. Therefoithe correct management of the
storage unit is essential awoidunmet thermal demar(@lack bars irFigure21).
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Figure 19: comparison of nominal (left stacks) and actual (right stacks) dispatch profiles, for one simulated day of operation of
Hospital design HC.
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Figure 20: operating cost comparison throughout siinulation days between omniscient, deterministic and robust approaches
(top), for case study HCThe detail of the dispatch solution is shown below for day 12, in which the robust model attains the
maximum advantage over the deterministic formulation.
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Figure 21: real-time electric and thermal dispatch profiles of Omniscient, Deterministic and Robust formulations for Campus
Designs A (top) and B (bottom).
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5.5 MILP-based Second Lay&MS

The second layenlgorithmsproposedn the peviousParagraphs have the merit of being readily imple-
mentable in a redife EMS, asthey allow torapidly tale adjustmentiecisionsonly based on thebserved
values of demand amibndispatchable productioand on the referencslutionof the predictivefirst-
layer problem The complex calculations involved in the solution of a MILP canngtdréormed on a
Programmable Logic Controller (PLG)hich is the controlinit overseeing the operation of a microgrid.
Theymust thereforepe caried out on an external platform (typically an industrial computenjch in
turn communicagswith the PLC The second layer algorithmdepictedin the previous Paragraphave
thereforethe merit of beingompletely detached from the platform on whikftrst layerMILP is solved,
andthe realtime systemmanagement can be fuliind independently overseen by the system Rltlbut

a critical reliance on the communication with the first layer platf@woiding any potential problem arising
from communcation delay®r glitches in the MILP solution procegdiisrepreserga controlarchitecture
which is commonly adopted nowadays in applicationsrseen by our industrial partneB&milarly, the
management architecture featuring a direct implementation afdtigion rulessield by the adjustable
robust formulatiorof the scheduling problerouldin principle beimplementedn a PLC.Nevertheless,
relying onthe heuristic second laysubordinatetheoverallactual systerperformancéo the effectiveness
of the considered secotay/er logig affectingthe comparison betwedine proposefirst layerformulation
approached-urthermore, as explained Raragrapl#.5, the recourse policies yield by the robust formula-
tion are prone to inefficienciesdtheir directuse for reatime managemenmtenalizes the performance of
therobustapproach

A new comparison based on a uniform and soureggtime dispatch strategy is therefore presented in this
ParagraphAs seen in the case of the second layer algorithms developed in the previous Pasagoagh
layercontrollogics areoftenbased on tragkg the reference evolution of the system yield by the first layer
predictive solutionThis proves to be an effectiv@rategyas long ashe forecasts considered in the first
layer are accurate, at led@stterms of overall energy demdpdoduction if so, the strategic management
determined by the first layer solution continuedéovalidalso inthe presence ofiuctuant deviation®f
demand and nedispatchable generatidrom forecastBased on this consideration, \ieroduce in this
ParagrapaMIL P-based second layalgorithm whichin each timestepolves a deterministidC andED
problemon the remaining fraction of the dmheritingsome of the decisions taken by the first laydris
solution approach is commonly referred &s Shrinking Horizon(SH) approachin the first problem
timestep, the second layer problem can observe the actual demand and renewable generation values, while
future timesteps are still associated to the forecast psoiitmsidered by the first lay@figure22).
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Figure 22: Shrinking Horizon second layer algorithm

The Shrinking Horizon strategy imore appéing in terms ofsystemperformance angrovesuseful to
comparethe effectivenes®f thetwo first-layerformulationsbased ora coherent regime adjustmentl-
gorithm, which can account fthie peculiarities of both formulatiorideverthelesst must be stressed that

1) The assumption of knowing exactly the value of demand andiispatchable generation potential
for the present timestep, although reasonahlght not bealways accurate, especially for simula-
tions withcoarse tempral resolution;

2) Relying on the solution of a MILP problem for rémhe management implies the necessity of more
frequent interactiosbetween thILP solution platform and the system PL@hich in turn poses
the problem of communication robustness spekd.

The simulations presented in this Paragraph and in the following therefore envision a more advanced EMS
architecture, whiclideployment requiefrequent interactions between giatform for MILP solution and

the PLC for reatime managementurthermore, particularly in theimulationsof CHP systems with
hourlytemporalresolution, very shottterm forecasting techniquesight be required to accurately estimate

the actual valuesf uncertain parameters during the following hour.

5.5.1 Second LayeMILP Formulation

A deterministic formulation is adopted fdretsecond layeMILP solved in the SH instancdsothbecause

of computational timéssuesand because of the underlying idbatthe solution yield by theobust for-
mulation, which is consistently feasible for many potential different scenashbsuld not be frequently
updated First and second layer must exchange information, to ensure that the solution conservativeness
identified by the first layer is preserved by the second layer decisions, which might otherwise introduce
excessive modifications in the dispatch profiles with respect to what originally planned by the first layer.
To this end, two types of constraints are adddtiérsecond layer problem, according to whether the first
layer formulation is deterministic or robugtigure23):

- For simulations adopting the deterministic formulatiorthe first layers featuring reserve con-
straints, coherent reserve constraints accounting for the same energy reserve ‘duragi@nen-
forced in the second layer problem;
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- For simulations adopting the robust formulation in the first layers, thesige storage capacity
0 F]ﬁ identified by the optimal first layer correction policies and associated with the first timestep
of the current second layer solution instance is computed, based on the history of observed forecast
errors:0 ﬁﬁ sets a conservative lower bound for the first timestep capacity evolution determined

by the deterministic second layer, which does not feature reserve constraints.

Deterministic FL RobustFL
Formulation Formulation
=TT T T T T T T T T T T T TS T T T s T s e T T T T T T T TS
! I
I . Spinning Reservg Feasibility on I
| First Layer oy " N :
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Figure 23: approach to uncertainty of first and second EMgelain the deterministic and robust wefriame. When the first

layer features the deterministic problem formulation, accounting for spinning reserve constrairité with”Y , coherent re-

serve constraints are enforced in ea€lsplution instance of the second layer deterministic problem. When the first layer fea-

tures the robust formulation, the optimal first layer storage recourse policy is applied to the observed forecast detas, to

mine a robust lower bound for the fitghestep of the deterministic second layesglution instance.

While it is apparent howdoptingthe samereserve constrairdf the deterministic first layen the second
layerensures thai coherentonservativeness enforcedby the two solution sigesijt is worth explaining
the strategydopted for the robustmulations The main inefficieniesin the recursive policiesrerelated
to unnecessarngissipation of renewable generation potential artthéineffective adjustment of setpoit
due tothe rigiddecision rulestructure Both inefficiencies lead to recursivestorage state of charge-
jectory which ismore conservative than requiredn the other hand, following the recourse policies is
associatedvith a guarantee of feasibility, as lpas the manifestation of uncertairgyencompassed by the
uncertaintyset” . Therefore by introducinga lower bound ostoragecapacitythat isconsistent with the
robustdecision ruls, the second layaran avoidhe inefficient decisions takeim the recourse of the first
layerwhile ensuring that storage capacityeisough to provide the reserve contributamtountedy the
robustdispatchsolution.

To effectively enforcén the second layer same exact conservativesfeabe robustfirst layer solutionthe
managemertrajectorydefined by recursive laws shoudd preserved for all dynamic uniis¢luding slow
rampinggeneratorsOn the other hand, in the test cases presented in the previous paragraphs the main
componert playing a fundamental effect Ensuring service reliability are storage systefusthermore,
bounding the storage trajectory already affects the management of all othgyustitsg the second layer
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towards a solution whictends to beoherent with thédirst layer decisionsTherefore we limit thecon-

straints transfer between the two layers todeer bound orstoragecapacityevolution while allowing a

more efficient redistributionadlluni t sé6 | oad (optimi zed byttdwha secon
prescribed by theecourse lawdf ramping constraints of neftexible units prove to ban issue in ensuring

service continuity, the recursive management offhexible units could be enforced in the second layer

according to the sanmapproach proposed for storage systems.

Adopting thedeterministic second layer allows to properly account for all simplificatidrsh might have
been introducedh the first layer This is the caséor storagechargeédischargeefficiency. Including its
effect in the robust formulatiomtroduesthe overestimate of recursive energy losdewiledin Paragraph
4.5.1, which wouldhinderthe economic effectiveness stbrage usag@ the recourseOn the other hand,
the storage has typically a fundamental role in balancing renewables fluctuatidaghe additional costs
connected to its inaccurate modeliwguld push towards recursive solutiotiat are less effeige in the
real world The solution adopted ,igshereforeto include storage efficienognly in the nominal energy
balance where its effect is accurately quantifieshd toassumeunitary chargédischarge efficiency in the
recourse. By doing so, tteetual trajectoryof the storageaccording to the recourse lawsght tend to
Adrifto towar dss a$toadditionaldossedoteiccauntedintheequrgiee energy balance
of the robusformulationmanifest in thghysicalsystem This is normally not an issue, for two reasons:

1) The entity of t he nfAntdegral 6fstodagesetpoinp differgnoerintradecedsdby t o t
the recoursetherefore, for time instants that are natffam thesolution horizorstarting time and
for limited differencesn the exchange profile variation, the drift will be moderate;

2) Recourse laws tend to underestimate the recursive trajectory of the fsgeRaragraph5.1):
the unaccounted energy losses are therefore partially balanced by the reduction in recourse ineffi-
cienciegthat follows the introduction of formal spbint optimization in the second stage.

Another feature introduced in the secdager MILP is a weight on timdependent cost indexagducing

in time. The weighthas the effect of giving a preferential importainc¢he optimizatiorto the timesteps
which are closer to the curresmlution time, and in particular to the first tiraep, which constitutes the
only certain cost index of the problem since it is associated to the current uncertainty maniféistation
dependent coshdexes are therefore associated with a linearlyedsing coefficient, equal to 1 for cost
indexes occurring in the first timestep and reducing to 0.8 for cost indexes relative to the last timestep.

To limit the impact of daily storage charge variations on the overall solttiersimulation®f presented

in this Paragraplassumecontinuity of the simulation time spaanfordng a continuous actuatorage
chargetrajectoryacrosshe simulation of consecutive dalyg imposing the final actual storage charge of
one day asheinitial condition for the folbwing. Similarly, all relevar information related to thdynamic
constraints for dispatchable unitnmitment statusamp constraints, minimum up/downtimstrans-
ferred from one day to the followinghe total simulation timespan is therefore treatsa unique consec-
utive period A final storage charge target is enforced both irfitise- and secondayer problems substi-
tuting the cyclic condition assumed for the simulations in the previous Parag@rapé the first layer can
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generally meet thdrfal capacity constraint, treecond layer problem might be forced to deviate from it,
either because of insufficient generation resoundgds respect to the actual demand profile or because of
excess production availability that, instead of being dissiharestored to be used in the following day
in virtue of the final storage charge valorizati@y.(33)). Therefore, the final capacity constraint is ex-
pressed as a soft equality constraint, introducing a penalty costdative deviations of the final storage
charge with respect to tharget

(122

@ 6 @ (123
Positive deviations (e.g. a final storage charge higher than what prescribed) are not penalized, since they
arealready avoided unleskey are required to avoid unnecessary dissipati@mergy excess production
(duefor exampleto a unitminimumload constraints, to the operating strategy decided forgetgration
units or to rampdown constraints of slow units)

5.5.2 Robust and Deterministidodel Adaptationdor Quick-Start Units
As already mentioned, two operatimgpdesare exploredor the MILP-based second layer algorithms

1) Fixed Unit Commitmentin thisoperating modethe commitment of the units can only be set in the
first stage; in the case of dajpead commitment optimization, this is equivalent to setting an oper-
ation schedule for the miines at the beginning of the day. In many-#allarge-size CHP mi-
crogrids, where units are started manually by operators, univocally setting a -noodifiable
sequence of commitment changes is an actual requirement;

2) Madifiable Unit Commitmenin this operating modeit is possible to change at any moment the
commitment status afuick-startunits, either in the first or second EMS layer; units are still subject
to all constraints involving their binary variable value and evolution (e.g. miniméshowptimes,
startup consumption penalties, staph ramp up limits, etc.).

In the definition of the second layer problemaadhines ar¢hereforedivided irto two groups:quick-start
units, which commitment status notboundedoy the decisions taken by thigst layer routineandnon
flexible units,for whichdue to complex or long stamp/ shut dowrprocedures, aldue totheimpossibility
of automaticallycontrol their commitment statusom the PLC thestatusbinary variablés forced through
appropriate constraints to the same profile identified in the first |3dnle 8 specifies the assumption
made for each dispatchable generation tedyyol

Table8: units division in NorFlexible (NF) class and Quie8tart (QS) class

Unit Natural gas CHRCE Natural gas Boiler| Heat Pump| ORC CHP unit Biomass Boiler Diesel ICE
Class NF Qs Qs NF NF Qs

The second layer caim any casemodify theload of all units,within the limits of their technical charac-
teristicsand accounting for theastevolutionof their dynamic constraintgp to the current timestep (con-
tinuity in loadramps, minimum up/downtimes with respect to tet stadup/shutdown,etc.)
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When considering theodifiable unit commitment operating mgd®mechangesnust be introduced in
the deterministic and robust formulatior&pecifically, the deterministic reserve constraiefined by
Eq(47) must be modified to include th@tential contribution of quicistart unitsThe macines sét is
thereforepartitionedn setoffi s | o w0 amudettofguick-startunits . Reserve contributiofrom
slow units isstill defined byEQq.(48), whilereserve contribution of quiestart units$ determined based on
the value otheir binary status variabley, modfying Eq.(48) to distinguish between the contributitm
be considered when the unit is in operationahdnit is off:

Nen T EMp AARE 1 ¢ s & 0 p & Fown (124
As already mentioned, th@ain AARO formulation of the commitment and dispatch problem cannot ac-
count for therecursive startip of unitswith minimum load and bounded up/downtimbscause of the
impossibility of including binary recours®#ragraph.5.3. A modification of therobust formulation is
therefore proposed to indirectly consider the contribution of estigk unitsjntroducingfor machines

theadditionalinputrecoursevariablew "gzﬁ , that can be different from zero onghen the unit is off,
and that can bypass the constraintronimum load ® "gzﬁ is associated ttherecursive energy produc-

tion h Hﬁh .

n R & F op g Lt fn (125
Wikt @R a LT v Fo @ (126
The uncertainenergy balancef Eq.(66) is consequentlynodified to include the described contribution
from quickstart units:

, " n~ O \ P |
Qfp By B., @& nj B MNnni

B

. . L . Pow o (127)
- Mpn Buv-yory Bu iy B €1

The relation between quieltart productiorn HF? and quickstart consumptiom " h only accounts for

the slope of thenachindinearpartioadcurve sinceit must be associategith a nullmachineproduction
when the machine is not recursively activafBiae accounted machine efficiency is therefdifeint from
theload-dependenproductionefficiencythat is associatedith alinearpartload curvewith intercept
different from zeo. Specifically, ifj ; is negative(represenig a generation efficiency decreasing with
load) the recursie generation efficiency is overestimatémh the other hand, the purpose of the recursive
generation term igcluding in the robust formulation the idea of integer recourse for eptiank units It
must be noted thab "gzﬁ can only be positive (additional cost), since the nonfirgllconsumption asso-
ciatedwith machines in hot standby is necessarily z&€heeconomic effect of thstartup penaltyassoci-
atedwith eachunitis paid in all timesteps where the unit is pot&ily expected to operateepresenting a
ist-laya (EqIRY). Theoptimality of thesolution will, therefore push towardscheduling plans
thatuse quickstart units as little as possiblajnimizing the accounting opotentialchangesn nominal
unit commitment.
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5.5.3 Off-Grid ElectricMicrogrid Results

Fixed Unit Commitmeritlode

Table9 showsa comparison athe overall system performance associatgith differentdeterministicand
robustformulatiors of the scheduling problem solved in the EMS fist layer. An omniscient héstic
simulation, with perfect vision on the actual profiles of demand anelispatchable generation and fea-
turing no reserve constraints, is always considered aspé@ting cost lower bound. Four deterministic
formulations associateslith increasing level of conservativeness are compaagalirely deterministic for-
mulation withno reserve constraints, and three formulatieits reserve constraints characterized by dif-
ferent energy reserve durations . Robustsimulations are performed adomiformulationsR2 andR3
(Tableb), bothfeaturing uncertainty factors aggregation and, in the caB&,gfartial pastlecision rule
with arecourse temporal depth ¢ "Qn addition tothe standard version of the two modeésorting to
the conservative uncertainty aggregation approach represented (i 8¢114), the dternativeversiors
R2* andR3* are evaluatedespectivelyequivalento R2 andR3 in terms ofscheduling problerformu-
lation butadopting he nonconservative approador the aggregate uncertainty setaracterizatiorte-
scribedby Eq.(117)-(1198).

Table9: formulations performance comparison for the@ifid microgrid test case in the Fixed Unit Commitmigiaide

Expected | Actual Op- Unserved . i .
Simulation Mode Operating | erating Cost ([309]'3 Energy IiSaebriVIiltce[(E ? '?i(:rgtl?sl’]]
Cost [ 4] 0 [kWh] Y17
OMNISCIENT 14021 0 100.0% 21
No Res 12913 13264 -5.4% 5576 94.5% 21
Y =1h 13523 14201 1.3% 3487 96.5% 22
DETERMINISTIC [—
Y =2h 14197 15140 8.0% 2643 97.4% 22
Y =3h 14703 15928 13.6% 752 99.3% 22
R2 13282 14738 5.1% 0 100.0% 5516
R3 13327 14803 5.6% 0 100.0% 1026
ROBUST
R2* 13081 14397 2.7% 0 100.0% 4297
R3* 13143 14575 4.0% 0 100.0% 830

It is important to remark that the resultsTiable9, although referred to the same profiles of load and PV
production of the simulations presentedliable 6, are not exactly comparable due to (i) the simulation
mode, which enforces continuity between consecutive days in the BESS energy content and commitment
constraints and imposes targets far siorage energy content at the end of the day, and (ii) the accounting

of BESS charge / discharge efficiency, which was not considered in the previous simulation to evaluate the
theoretical performance of decision rules as opposed to a fixed heuraiggtr

In the fixed dayahead dispatcbperating modghe introduction othe MILP-basedsecond layealgorithm
does not solve the reliability issuebservedn Paragraptb.4 for the deterministic simulationfer with
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heuristicrealtime correctiors. As already observedjcreasing energy reserdaration”y contributes in
decreasing service interruptiobst at the same timpegativdy affectsperformancesalso in virtue of the
higher share of served energyhe most conservative deterministic formulatiéi (=3h) attains a relia-

bility of 99.3% while leading to an overall operating cost 13.6% abineomniscienbenchmarkCon-
versely, loth robusformulationsR2 andR3, which nowinteract with the secorlyeralgorithm described

in Paragraptb.5.1for reattime dispatch instead of directly adoptirecursivedecision rulesattainfull
reliability while leading to operating costsspectively 5.% and 5.6% above the global optimum. As ex-
pectedthe partialpast formulatiorR3 has aslightly worse performance with respeti its full-past equiv-
alentR2. Nevertheless, partial past reduces computational timadactor of 5The overall mmputational

time for the robust formulations is still two orders of magnitude higher than for the deterministic formula-
tions, indicatinghe dramatically higher complexity of the tractable robust counterpart reformulation with
respect to the purely deterministic modehe less conservative characterization of the aggregate uncer-
tainty set introduced in formulatiom®* andR3* significantly improves performances, limiting the con-
servativeness of the robust scheduling solution and resulting in an actual operating cost for formulation
R2* which is only 2.7% above the global optimum.

Figure24 compares dispatch giiles for one day yield adopting the deterministic formulation with=3h

and with robust modeR2 andR2*. The day is characterized by an optimistic PV gener&tictast for

the second part of the day. In the deterministic solution, this cthespseemature depletion of the BESS

energy contentwhich is not enough to cover the electrical load in the last hour of thdndégad, he

decision ruls of the robustlispatch solution account for the potential decrease in BESS charge due to the
PV forecast overestimate: the dashed blue line represents the storage charge trajectory computed by apply-
ing thedecision rulesdentified by the EMS robust first layer for shgee chargelischarge power, setting a

lower bound for the second layer battery management only in the first timestep of each second layer prob-
lem. Once again, it is useful to stress that recourseampicipativity was not violated in instructing the

second layer with the recursive robust storage trajectory, as the lower bound is provided only for the first
timestep of each SH instance, which can count on all the error observations required to confprutemit.
commitment defined by thmbustfirst layer, which anticipates an ICE starting hour in the evening with
respect to the deterministic dispatch, ensures that the second layer can count on enough generation capacity
to follow this SOCtrajectory, compensatinge deviation due to the reduced PV output and ensuring safe
operation until the end of the day. The recursive capacity trajectory is only a conservative lower bound, and
this allows the second layer algorithm to deviate from it in the second part @@yh&hen thalecision
ruleswould introduce an unnecessary PV curtailment due to the reasons explained in Pdragtaph

The difference betwedR2 andR2* is apparetin the more conservative countermeasures that formulation
R2 implements in the evening to prevent BESS charge depletion, committing for one hour an additional
ICE with respect t&R2* potentially expecting a more significant loss in PV output. Converigédyinter-

esting to notice how, due to the definition of the energy reserve constraint in the deterministic formulation,
the deterministic dispatch solution tends to be conservative in dispatch whBiE®& SOCis low,
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postponing the switching off of ¢hlCE with respect to the robust formulation and therefore increasing the
nominal PV curtailment due to BESS saturation.

Deterministic’Y & 3h
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Figure 24: dispatch profiles comparisorebwveen deterministic formulation with  =3h and robust formualtions R2 and R2*.
Bars represent energy output from indicated sources. Transparent bars define nominal dispatch, solid bars actual dispatch.
Modifiable Unit Commitment Mode
Table 10 shows the performance comparison between theldiyst formulations in thenodifiable unit
commitment operating modé additions to the formulations describkxa the Fixed Unit Commitment
Modg adaptatios R2*?® andR3*<® of formulationsR2* andR3* are introducedfeaturing themodifica-
tion accounting foguick-start units presented Paragrap!b.5.2
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Allowing the EMS second layen tmodify thecommitment status @he diesel generatolststhe realtime
dispatch algorithmwhich monitorsthe actuaktorage chargevolutionfollowing the actuahet demand
manifestationto correcthe inadequatgeneration capacitgilocationof the deterministic first layetead-

ing to 100%service reliability also when no reserve constraint is impaséuae first layer problemim-

posing a reserve constraint which accounts for the potential quick start of diesel gedeestorstvorsen
performance, sincgenerators do not have to be conservatively committed to contribute to the reserve re-
quirements but appears to be effective in anticipating the need for recursiveugsrslightly improving
performancewvith respect to théormulation with no reserve constraintée difference with respect to the
global optimum is in any caselow 1% for both deterministic formulations.

Table10: formulations performance comparison for the-gfid microgrid test cae in theModifiable Unit Commitment Mode

Expected Actual GAP Unserved Service St’ioolg'
Simulation Mode Operating | Operating [%] Thermal En-| Reliability Time
Cost Cost ergy [kWh] [%0] [s]
OMNISCIENT 14021 0 100.0% 20
No Res 12578 14151 0.9% 0 100.0% 20
DETERMINISTIC ”
Y =1h 12578 14073 0.4% 0 100.0% 20
R2* 13078 14588 4.0% 0 100.0% 4257
R3* 13116 14663 4.6% 0 100.0% 827
ROBUST =
R2*Q 12824 14407 2.8% 0 100.0% 5598
R3*QS 12869 14534 | 3.7% 0 100.0% | 1415

RobustformulationsR2* andR3*, which do not account for the potential ICEs qusthrt,benefit from
the increased freedom granted to the second layer dispatch algorithm, which can éirteséve solution
conservativenesisnproving performances. The second layesti conditioned by the recursive storage
trajectorydefined bythe fird layerand consequentlythe overall performance of the two formulations is
significantly worse than the deterministic formulatiolsis important to keep in mind though that the
robust scheduling solutions are always more conservative than the détticnsiolutionsaccounting for
all potential uncertainty manifestations encompassed by the uncertairity saine extreme uncertainty
manifestationsthe deterministicchedulingmightlead to service interruptiortespite the capacity of re-
cursively sart-up ICEs, because abn-conservativeBBESSmanagement.

The introduction of the adaptation for quistart units featured by formulatioR2*<S andR3* S s effec-
tive inleading to the definition of a less conservative storage trajectory, redheibgundariesn storage
managemenimposedby the robust first layer to the second layer algorithm. The performartbe oo
formulations isthereforegloser to the globalptimum, with an overall operating cost of formulatR2r S
which is only2.8% worse than the omniscient benchméte adaptationon the other handjcreases the
computational timef both formulations with respect to their corresponding verdrittsand R3*.
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5.5.4 HospitalResults

The performances of the different formulations in the-gadnected Hospital test case were already ob-
served to be quite similar in the case of-dAgad dispatch with heuristic raahe management (Paragraph
5.4.2), and relatively close to the global optimunheTintroduction ofa more sophisticated secotaler
dispatchalgorithmreduces even further the performaddéerences between deterministic andust for-
mulations pushing all solutions towards tbhenniscient benchmarievertheless,elevantdifferences in

the capacity of avoidingervicediscontinuitiesare still observabla the fixed unit commitmeraperatiry
modebetween the twapproaches to the formulation of the first layer problem

Fixed Unit Commitmeritlode

Table11 shows the results for all Hospital design describe8ection5.1, under the assumption of fixed
day-ahead unit commitment. As explained in the previous Paragraplsnttiscient deterministic simu-
lation (with perfect vision on the actual demand and renewable generation profiles) sets the cost lower
bound. Four determistic simulations, omwithout generation reserve constraints and three with increasing
levels of energy reserve duration , are performedrobustformulationR2 is considered for the simula-
tions featuring the full uncertainty set characterizatiwesented in Chaptdy full-past recoursand con-
servativeuncertaintyaggregationsince the sizef the dataset usddr the statistical uncertainty set char-
acterization is reduced with respect to thegsffl microgridcase studyDueto the lowertemporal resolu-

tion of load and renewable generation profitke possibility of partiabastdecision ruless not explord

in this test case.

For most of the designsven without the possibility of adapting the commitnagninits during the day,
introducing an adequate level of reserve in the deterministic formulation is sufficient to achieve very high
service reliability It is important to keep in mind that low and isolated values of unserved thermal energy
are not an issue in thermal systems since simulations do not account for the thermal inertia of buildings and
heating distribution systems that smooth out the aeftedt of insufficient thermal generation on the ther-

mal energy users. For this reason, values of unmet thermal demand can be observed also in some of the
simulations featuring a robust first layer, since the conservativeness of the uncertainty seewas-tun
cording to a confidence level of 97.5% on the forecast error observations to avoid excessive solution con-
servativeness. Not all potential uncertainty manifestations are therefore encompassed by the uncertainty
set, and the solution robustness mightbmpromised in extreme forecast error scenarios. Nevertheless,
the entity of the service interruption is always dramatically lower when the EMS first layer features the
robust formulation. This is true also for the most critical design configurationstifremoint of view of
reliability, namely HD and HF. In both designs, it is convenient to use the large thermal storage to limit the
use of heat pumps during the central hours of the day, when electricity is more expensive.
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Tablel1; formulations performance comparison for the Hospital test case in the Fixed Unit Comnitouant

96

' ' . Expect_ed Actua_l GAP Unserved Selzrvi_cle Solution
Design Simulation Mode Operating | Operating [%] Thermal En-| Reliability Time [
Cost Cost ergy [KWh] [%0]
OMNISCIENT 33605 0.00 100.0% 18
NoRes | 32756 33102 | -1.5% 16513 98.1% 17
A EKAEILESR "Y =1h| 32883 33527 | -0.2% 5550 99.4% 18
Tic LY =2h| 32967 33762 | 0.5% 176 100.0% 19
"Y =3h| 32941 33733 | 0.4% 76 100.0% 19
R2 32887 33686 | 0.2% 46 100.0% 3887
OMNISCIENT 29791 0 100.0% 27
NoRes | 28814 30075 | 1.0% 5625 99.4% 28
. [;AEILIESR "Y =1h| 28856 30243 | 1.5% 1717 99.8% 30
Tic | Y =2h| 28898 30315 | 1.8% 390 100.0% 34
"Y =3h| 29025 30347 | 1.9% 390 100.0% 30
R2 29033 30273 | 1.6% 98 100.0% 5004
OMNISCIENT 29302 0 100.0% 20
NoRes | 28458 29601 | 1.0% 2109 99.8% 20
e 'i/IE”EFSR "Y =1h| 28502 29605 | 1.0% 62 100.0% 21
Tic LY =2h| 28691 29692 | 1.3% 0 100.0% 23
"Y =3h| 28758 29773 | 1.6% 0 100.0% 25
R2 28597 29785 | 1.6% 0 100.0% 2111
OMNISCIENT 26790 0 100.% 23
NoRes | 25923 26918 | 0.5% 16075 98.2% 20
HD [;AEILIESR "Y =1h| 25924 26953 | 0.6% 8244 99.1% 20
TiIc |Y =2h| 25932 27074 | 1.1% 6181 99.3% 21
"Y =3h| 25899 27199 | 1.5% 4697 99.5% 21
R2 26064 27561 | 2.9% 621 99.9% 9282
OMNISCIENT 55141 0 100.00% 39
NoRes | 53609 55197 | 0.1% 2618 99.7% 38
e [1\)/|E||E|ESR "Y =1h| 53642 55234 | 0.2% 0 100.0% 40
Tic |Y =2h| 53613 55182 | 0.1% 0 100.0% 37
"Y =3h| 53615 55183 | 0.1% 0 100.0% 35
R2 53559 55131 | 0.0% 0 100.0% 3157
OMNISCIENT 47740 0 100.0% 29
NoRes | 45138 47182 | -1.2% 18865 97.8% 30
e ?AI:TL:ESR "Y =1h| 44890 47601 | -0.3% 11721 98.7% 30
Tic LY =2h| 44928 47776 | 0.1% 8058 99.1% 29
"Y =3h| 44943 47854 | 0.2% 6626 99.2% 25
R2 45469 48140 | 0.8% 249 100.0% 1099
e OMNISCIENT 52756 0 100.0% 20
NoRes | 51035 52927 | 0.3% 1469 99.8% 20




DETER. | Y =1h| 51014 52879 | 0.2% 0 100.0% 21
MINIS- |"Y =2h| 51020 52879 | 0.2% 0 100.0% 21
TIC Iy =3n| 51021 52872 | 0.2% 0 100.0% 21
R2 50860 52760 | 0.0% 0 100.0% 735

On the other hand, under the assumption ofmodifiable unit commitmeni is critical to correctly ac-

count for the actuatapacity of the storage twope withsubstantial increases in load thermal demand
otherwisewithout the support froneommitted heat pumps the storage capacity might not be enough to
prevent service interruption§he conservativeness imposed on the deterministic formulation through the
adoption of increasingnergy reservelurationshaslimited efectiveness in preventingsufficient gener-

ation capacity allocatiofhis is due to the fact thagincedeterministic reserve constraimtisvays account

for the nominal storage trajectompeydo not properly account fgersistent underestimatef thethermal
demandprofile, whichinduce severe modifications the actual storage trajectory with respect to the ref-
erence nominal trajectorgquired to provide thaccountedjeneration reserv€onversely, the robust for-
mulation, in virtue of the accuiatracking of storage trajectory evolution defined by the recursive decision
rules, is able to optimally plan the commitment schedule of dispatchable generators to the minimum hours
required to ensure sufficient support to the TESS in case of prolorgradaiHoad increase with respect

to forecastFigure25shows a comparison of the dispatch profiles of two deterministic solutions character-
ized by increasing energy reserve durations, and of the robust solution for one day and for design configu-
ration HD. The nominal solution aims at minimizing the operating hours of heat pumps, that support the
CHP engines in supplying the thermal load. As the energy reserve duration increases, the deterministic
nominal solution identifies a nominal storage charggectory reaching higher values, to provide the re-
serve necessary to keep the heat pumps switched off during the central hours of the day. The most con-
servative deterministic solutiof( =3h) turns on two heat pumps in the morning, aiming atlathigrmal

storage charge to supply the demand between 10 to 18 with no heat pumps in operation. The actual storage
charge trajectory is on the other hand consistently lower than the reference trajectory, and the committed
generation resources are not ertotmy compensate its deviation from nominal level, necessary to provide
the necessary generation reserve. This results in five hours of insufficient thermal supply, from 14 to 18.
Furthermore, it is important to consider that higher TESS charge levelssam@ated to higher energy
losses due to thermal storage sktfcharge, which is proportional to the storage temperature (and therefore

to the storage energy content). The commitment strategy defined by the robust solution is significantly
different. Theecursive storage trajectory defined by the optimal decision rules (indicated by the blue dotted
line) accounts for the capacity of the system to manage the deviation of the TESS charge trajectory from
nominal and provides a correct reference for the hstosage charge defined by the EMS second layer.
Since the overall thermal demand deviation from forecast is particularly high (extreme uncertainty mani-
festation), in this particular day the robust formulation fails as well in committing sufficient genera
capacity, and the actual storage charge trajectory falls below the reference defined by the decision rules in
the hours from 11 to 16, resulting in a brief service interruption at 15. This is on the other hand due to the
relaxed definition of the undginty set and could be avoided by tuning the confidence in the statistical
analysis leading to the definition of the uncertainty set parameters.
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Figure 25: dispatch profiles comparisdmetween deterministformulation with Tres=1h, deterministic formulation with
Tres=3h and robust formulation, for one day of design HD simulations

Modifiable Unit Commitment Mode
In this operatingnode robust simulations are performed both with the already desdRBddrmulation
and with its adaptatioR2%S, featuring the simplified accounting of quiskart units contribution proposed
in Paragraph.5.2 If theEMS second layes allowed tomodify the commitment status of quickart units
with respect to theommitment plan definely the first layerfull reliability is always achievetdy both
methods as shown iTablel12. Erroneous commitment scheduldentified by the deterministic formula-
tion in the first layerlike theexampledescribedbove can be recursivelfixed during realtime operation
Featuringa reserve constraint in the deterministic formulatiesults to be unnecessaand everif it is
included itdoesnot worsenperformancesinceit can correctlyaccount for theeserve contribution of
quick-start units also when their nominal commitmestatus is off representing thactualpossibility of
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turning them orif needed DesignHG does not feature quicitart units and therefoie not reported in
Tablel2.

Table12; formulations performance comparison for the Hospital test case iNduifiable Unit Commitment Mode

Expected| Actual Unserved Service Solu-
. . . Operat- | Operat- | GAP | Thermal - tion
Design Simulation Mode . : Reliabil- .
ing Cost | ing Cost | [%] Energy ity [%] Time
[ 0] [ 0] [kwh] [s]
OMNISCIENT 33605 0 100.0% 89
No Reserve 019 0 0
DETERMINISTIC [N v 32673 33587 | -0.1% 100.0% 122
HA Y pQ 32671 33588 | -0.1% 0 100.0% 85
R2 0 0 0
SGREUET . 32866 33656 | 0.2% 100.0% | 3008
R2° 32729 | 33662 | 0.2% 0 100.0% | 3248
OMNISCIENT 29791 0 100.0% 19
No R 0 0 0
DETERMINISTIC "o eserYe 28779 29991 | 0.7% 100.0% 19
HB Y pQ 28759 29953 | 0.5% 0 100.0% 20
R2 0 0 0
S 2 28996 30020 | 0.8% 100.0% | 7025
R2 28896 30086 | 1.0% 0 100.0% 751
OMNISCIENT 29302 0 100.0% 20
No Reserve 0 0 0
DETERMINISTIC |-~ v 28463 29431 | 0.4% 100.0% 20
HC Y pQ 28464 29428 | 0.4% 0 100.0% 21
R2 0 0 0
SRS 2 28608 29535 | 0.8% 100.0% | 2444
R2 28491 29580 | 1.0% 0 100.0% 894
OMNISCIENT 26790 0 100.0% 20
No Reserve 0 0 0
DETERMINISTIC X v 25878 26963 | 0.6% 100.0% 19
HD Y pQ 25891 26973 | 0.7% 0 100.0% 21
R2 0 0 0
ST 2 26005 27295 | 1.9% 100.0% | 10024
R2 25954 27451 | 2.5% 0 100.0% | 5104
OMNISCIENT 55241 0 100.0% 23
No Reserve 0 0 0
DETERMINISTIC [N v 53587 55345 | 0.2% 100.0% 24
HE Y pQ 53587 55346 | 0.2% 0 100.0% 25
R2 -0 19 0 0
ROBUST = 53541 55202 | -0.1% 100.0% | 3408
R2 53506 55169 | -0.1% 0 100.0% | 3371
OMNISCIENT 47740 0 100.0% 31
No R 0
BETERMINISTIC "o eserYe 44751 47998 | 0.5% 100.0% 30
HF Y pQ 44753 48013 | 0.6% 0 100.0% 29
R2 0 0 0
s . 45316 48100 | 0.8% 100.0% | 1222
R2° 45308 | 48062 | 0.7% 0 100.0% | 1192

As already seen for the edfrid microgrid case study, once commitment integer recourse is introduced both
robust formulations tend to identify an optimal dispatch strategy which is slightly suboptimal compared to
the deterministic formulations.
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In the case of the formulatid®?2 this is due to an excessive conservativeness of the first layer solution, that
does not account for the potential contribution of cugiteet units and imposes to the second layer a sub
optimal recursive thermal storage trajectory which limits its effeotgsNeverthelessthe performance

of formulationR2°5 is pretty muchaligned with modeR2 in all considered designwith the exception of
some design configurations for whiBf2?S, even if slightly lowering nominal operating cost, is associated
to amoderatelyhigher actual operating codthe effectcan be considered significant (in the sense that the
difference is above theonvergence gap assumed in the first layer problem solution) in the aissgyf

HD, whereR2%S increasedy 0.6%with respect tdR2 theactual operating cogtapfrom cost benchmark.
Theperformance differencie due to a increase in fuel consumption cosfthe R2°S solutionthat isnot
balanced byhe corresponding increaseragvenwes associateavith energytradng with thegrid. Account-

ing for the contribution o&ll dispatchable generators, total thermal energy production in the two solutions
is equivalent with a minor reductiorf-0.3%) of total thermalgeneration folR2°° due toa decrease in
thermal lossesdém the TESS, which is operated at a lower average state of cNangatheless, thdis-

patch solutioridentified byR2%% is characterized by more frequent changes in the reference commitment
(21 changes faR2°S versusl0 forR2), and bythe preferential use of theatural gas boiler with respect to

the heat pumpt correct the nominal energy production schedule. Thedifference leads to an increase

in startup costs folR2°S while the second, which is the major cause for the cost differdepends on

how the second layer must adapt to the recursive TESS trajectory imposed by the firkiltiayately,

the differenes are attributable to thmisrepresentation of generation efficiency for quick start units de-
scribed inParagraptb.5.2 and to the fact thagnd totheinexact calculation ofhe staneby costfor the

heat pumpsvhich is alwaysvalorized(in the absence of an accurate accounting of how electricity would
be provided)t the purchase price from the grid, although the peatpsarealmost alwaysupplied by
electric energy producedternally either fronthe CHP engines or from the PV field.

5.5.5 Campus Results

As shown inTable4, forecast pofiles for the Campus case study are characterized by a significantly lower
accuracy. Consequently, the effect of uncertainty on the definition s€lieeluling plan is more significant
than for the Hospital test case.

Fixed Unit Commitment Mode

Table13 shows the results for the fixed dafiead unit commitment operating mode, for each of the three
Campus designs considered. Approaching the optimal dispatdemrelithout accounting for the recur-

sive startup of quickstart units results extremely challenging when adopting the deterministic dispatch
problem formulation. Due to forecast uncertainty, it is hecessary to impose very high energy reserve dura-
tion in the deterministic formulations to reach sufficiently high levels of service reliability. In any case,
100% service reliability is never attained by the deterministic formulations.
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Table13: formulations performanceomparison for the Campus test case in the Fixed Unit Commitment Mode

Expected | Actual Op- Unserved . .
Design| Simulation Mode| Operating | erating Cost ([3(;2]'3 Thermal En- IiSaebri\Ililtce[ol/?o]e- ?ﬁ:}tglg]]
Cost [ ] ergy [kWh] y
OMNISCIENT 22062 0 100.0% 30
No Res 18821 21569 -2.2% 35356 89.4% 41
CA DET Y ¢ ( 18972 22133 0.3% 24610 92.6% 46
Y T C 20132 23142 4.9% 20528 93.8% 40
Y (OJN¢ 20097 23585 6.9% 5752 98.3% 39
ROBUST 19902 23085 4.6% 0 100.0% 1194
OMNISCIENT 34899 0 100.0% 27
No Res 31623 33785 -3.2% 46496 86.0% 35
CB DET Y ¢ q 31737 34950 0.1% 6524 98.0% 34
Y T C 32430 35449 1.6% 6989 97.9% 33
Y (O]9 32441 35462 1.6% 7347 97.8% 30
ROBUST 32515 35740 2.4% 0 100.0% 629
OMNISCIENT 38777 0 100.0% 36
No Res 37841 38415 -0.9% 17900 94.6% 36
cc DET Y ¢ 'q 37975 38947 0.4% 1094 99.7% 35
Y T 'C 38234 39199 1.1% 1094 99.7% 31
Y (OJN¢ 38307 39283 1.3% 807 99.8% 34
ROBUST 37448 38833 0.1% 0 100.0% 891

An example of dispatch profiles is givenkigure26, for Campus design CB. The day shown falls during
mid-season, and therefore does not pose challenges in terms of covering thermal demand peaks. On the
other hand, the day is characterized Bgrge underestimate of daily thermal demand in the forecast. As
conservativeness is increased in the deterministic formulation, the response of the deterministic approach
is to increase the storage charge to its maximum in the morning, expecting igrough to supply the
thermal load for the whole day. This minimizes the boiler operating hours, operating it at a higher load an
increasing generation efficiency. Eventually, thermal storage charge is completely depleted due to the de-
mand underestimate, @ra large fraction of thermal demand is not supplied. In the presented example,
increasing energy demand reserve was not effective at all in reducing the entity-ssfrveah thermal

energy, which slightly increases due to the higher thermal losses defrioin the high TESS state of
chargeThe solution identified by the robust formulation establishes that the most effective way of ensuring
service continuity is increasing the boiler operating hours, adopting a thermal load following strategy and
using tle TESS to switch off the boiler only when safe to do so.
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Figure 26: dispatch comparison for a migkason day of Campus case study, in the case of design CB

Modifiable Unit Commitment Mode

The introduction of redime adjustments the commitment status of quiskart unitseffectively solves

the reliability problemsaffecting the deterministic formulation. A low energy reserve duration (2 hours) is
enough taeachl100%servicereliability in all three designdDespite the availability of integer recourse,
reserveconstraints are in any casecessaryo avoid the service interruptions fdesign CBwhich were
observed also in the simulatioadoptngthe heuristic corrective yer.
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Table14: formulations performance comparison for the Campus test case Matiifiable Unit Commitment Mode

Expected | Actual Op- Unserved : .
Design| Simulation Mode Operating erating ([BO/A]P Thermal En- Iisaelr)\illli(t:e [?/Ei' .?;:LUGUFS?
Cost Cost ° ergy [kWh] Y7
OMNISCIENT 22062 100.0% 30
e No Res 18814 22593 2.4% 0 100.0% 37
CA Eres 2 18812 22585 2.4% 0 100.0% 39
0, 0,
SGREUET No QS 19877 23264 5.5% 0 100.0% 1093
QS 19724 23181 5.1% 0 100.0% 839
OMNISCIENT 34899 100.0% 27
SET No Res 31592 35293 1.1% 847 37
CB Eres 2 31578 35327 1.2% 0 100.0% 34
SGRUST No QS 32478 35689 2.3% 0 100.0% 656
QS 32133 35684 2.2% 0 100.0% 629
OMNISCIENT 38777 0 100.0% 36
SET No Res 38069 39249 1.2% 0 100.0% 29
cC Eres 2 38067 39257 1.2% 0 100.0% 32
SRS No QS 37448 38833 0.1% 0 100.0% 945
QS 37448 38833 0.1% 0 100.0% 43254

In desigrs CA andCB, the robust formulations (with and withatlte modification accounting for quiek
start units)eads to a worse performance with respect to the deterministic formulaiiibomo differences
in service reliability. The gap between the two is higleerdesign CA, which is characterized ayess
redrictive totalthermal generationapacity with respect to load peaks and by smaller storage size.

5.6 Conclusions

In this Chapter, the adoption of the two MILP formulations of the optimal scheduling problem proposed in
Chapter3 and Chapted is assessed for systems operating according to a two layers EMS based-on a day
ahead nomial scheduling definition. Three test cases are characterized, encompassging affd grid
connected systems with different levels of forecast accuracy.

Firstly, a comparison between the formulations is based on one hand on the direct adoption i8 the EM
second layer of the optimeecision rulesdentified by the robust first layer, and on the other on the defi-
nition of rule-based algorithmio correct the deterministic nominal dispatch acting, when possible, also on
the commitment status of quiskart units. According to this EMS architecture, the performance compari-
son between the two formulations for the-gifid microgrid case study indicates that the robust formulation,
mainly in virtue of thebettercommitment decisionthat allow to limit remewables curtailment, attain both

a better nominal and recursive performance with respect to the conservative deterministic formulations
considered. Furthermore, despite the introduction of reserve constraints, none of the deterministic formu-
lations manageto consistently avoid service interruptions, while all robust formulations considered are
associatedvith 100% service reliability. For the CHP case studies, reliability is less of an issue for the
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deterministic formulations, due to the possibility itlneed in the second layer management algorithm of
modifying the commitment of quiektart units, as it is normally done in real systems. Nevertheless, com-
pared to a prioripased thermdibllow strategy, recursive laws identified by the robust formulatidrich

allow to identify a synchronized response to fluctuations of thermal and electric net demands and to modify
the nominal thermal storage trajectory, lead to an overall result which is often slightly better than the deter-
ministic formulation.

Secondly, a comparison based on more advanced second layer dispatch strategies was pr8héanted. A
ing Horizonalgorithm incorporating directives to ensure service reliability from the first layer was pre-
sented, under two differemiperating moded-ixed Unit CommitmenMode in which the second layer
algorithm cannot modify the commitment schedule defined by the first layekaaifiable Unit Commit-

ment Mode in which the second layer algorithm can adjust the commitment status ofstaiitknits. In

the fixed unit commitmerdperating modethe same reliability issues observed for the microgrid case study
when adopting aule-basedsecond layer are confirmed, indicating that if the status of generators has to be
univocally set at the beginning of tay the robust formulation can ensure full reliability at a cost close to
global optimum. If on the othdrandmodifications to the daghead commitment are allowdtie second

layer can effectively adapt the deterministic solution to reach globally apgerformance, while it is
penalized by the imposition of recursive storage trajectory boundary associated to the robust first layer
solution. In theHospitaltest casedn the Fixed Unit Commitmenbperating modehe two formulations
perform quite simérly in most design configurations, with the exception of a few critical designs where
theintroduction of reserve constraints in theterministic formulation igeffective in reachind00% ser-
vicereliability. Conversely, in th#lodifiable Unit Commitmat operating modeeliability issues are solved

in all designs, and the performance granted by deterministic EMS first layer is on average better than for
the case of robust formulation, although in both cases costs are very close to global optimulasfften
than 1% gap). In the Campus case study, which is characterized by lower forecast accura€yxéa the
Unit Commitmenbperating modé¢he deterministic formulation is never able to ensure full reliability de-
spite the introduction of very high energgserve durations in the reserve constraints, while the robust
formulation is associated to full reliability and lower cofdace again, @integer Recourse accounted
reliability issues are solved, and the deterministic formulation attains a beftemaerce than the robust
formulation.

In conclusion, from the extensive numerical simulation campaign conducted, it is apparent how the robust
formulation is indeed the optimal choice when dealingatagad scheduling optimization in systems that
cannot modify the commitment plant of the uxitsing realtime operation. Furthermore, directly applying

the recursive laws in CHP systems as opposed to simpler ptiasgd thermabllow dispatch strategies

might yield some advantages. If advanced second layer dispatch algorithms are accoumeddimg

the possibility of integer recourse, the robust formulatémus to be excessively conservativéhia man-
agement of CHP systemand the deterministic scheduling problem formulation proves to be effective in
identifying the optimal system magement.
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6 OPERATION SCHEDULINGACCORDING TO ROLLING HORI-
ZON APPROACH

In this Chapter the comparison between deterministic and robust scheduling problem formyiegion
sented in Chapteb is extended for the effrid microgrid case study, to account farmore advanced
nominal scheduling definitiostrategy based on the Rolling Horizon approach. EMS first layer prob-

lem solution is periodically updatetliring the day, incorporatingnewly generated forecast profiles that
exploit the observations of the uncertain parametetiected during reatime operationThe case study
complexity is increased by accounting floe installation ofa windfarm, which significantly increases the
uncertaintyassociated to RES generation, and of a biomass Organic Rankine Cycle, representing a cheaper
but less flexiblalternative to diesel generation. The study temporal resolution is lowered to 15 minutes,
allowing to account fodelays in the actuation of the stanb command for generatorshe adoption of a
variable resolution timeneshis proposedd deal with thecomputationatomplexity increase of the robust
problem formulationderivingfrom doublingthe number of timesteps, whislould otherwise leadompu-
tational times unfeasible for the application (more than 2 days for each insteimci). the new case study
assumptionsthe robust formulation ensures a significant margin over the deterministialfation, de-

spite the possibility dfequently updating the nominal scheduling plamccount for actual system evolu-
tion. The best robust formulation consideregds to an overall operating cost across the testing period
which is13% lower than the bedeterministic formulatiorand which is only 2% above the operating cost
lower boundassociatedo an omniscient deterministic simulation.

The comparison between the deterministic and robust formulations presented in Glisptmried out
assuming alEMS architecturdased orday-ahead scheduling optimizatiotie solution of the EMS first

layer problem, which defines the nominal unit commitment schedule and the reference capacity trajectory
of storage systems, is solved omteéhe beginning of the dawhile during the rest of the day the second
layer is resposible forintroducing the necessary corrections to dispatchprofiles ofall units and, if
possible,to the commitment status of quiskart units.Under this operating assumptjoall decisions
passed dowiy the first layetto the second layer (referee recursive storage trajectory, commitment of
nonflexible units) aranotupdatediuring the dayo keep track of the actual system evolution. Furthermore,
forecastprofilesare only defined at the beginning of the day, without exploiting the updatadhation
collected during redime operationThe $ortterm updated forecast could still beed to improve the
performance of EMSs featuring a MIttRased second layalso in the case of daahead nominal dispatch
Finally, thefirst layerplanning horzon is always limited to thécomingday, imposing periodic boundary
conditions tothe storage state of charge atik commitment status of the units without considering the
foreseen system conditions for the following day, which might affect the ogiiroltihe enebf-day sys-

tem statusOn the other handgsorting tothe dayahead scheduling approahnecessaryor systems
where the stamtip of units isoverseen by operators and not autonomously managed by the system PLC
either because of thechncal natureof the PLC i unit interconnectioror because of complex stamp
procedurs, which call for external supervisiolm turn,this normallyimplies the neetb communicate the

105



commitment schedul® the system operator advancgespecially in th@resencef nonflexible units)
and makes itess practicalo introduce changes in the scheduled 4tpgequence

In fully automated sstemswhere the actuation of operating decisi@autonomously taken care of by
the system PLCthe EMS can rely omore sophisticated scheduling approaciiegommon strategy
adopted in redife systems to overconthe limitations of dayahead schedulinig to tackle the optimal
management problem accordingte Rolling Horizon approacfFigure27).

Simulation timespan
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Figure 27: EMS based on Rolling Horizon approach: the EMS first lagaution is periodicallyupdated after the Advancement
Window.A Shrinking Horizonapproachis still adoptedn the second layeThe last second layer solution instance sets the ini-
tial condition for thefollowing first layer instance.

The approach consists in solving the optidigpatch problem over a given futilerizonWindowof fixed
duration (e.g. 24 hours) aimdplementing only a first fraction afe optimal solutioncorresponding to the
AdvancemenfMindow. Then, a newnstance of thérst layerproblem is solved pushing forward the horizon
window, accounting for the actual system status at the end of the advancement window and incorporating,
if available, any newly generated forecast profile.

In this Chapter, a comparison between the deternurasd robust formulations is presented for the case
study of the offgrid microgrid according tathe Rolling Horizon approachThe schedulingproblem is
solved with guturehorizon window of 24 hour&ndthe solution is updated accordingaio advanceent
window of 3 hours. The twoperating modesf fixed andmodifiable unit commitmerin the second layer
described in the previous Chapter are both explored.

6.1 CaseStudy Definition

It is apparent how the possibility of frequently updating the-kxgér solution theoretically reduces the
utility of resorting to a robust problem formulation in the EMS first layer, as already proven in Chapter
when allowing the secahlayer to recursively modify the unit commitment plan. As a matter of fact, this
additional capacity of the second layer was enough to attain full reliability and better performances with
the purely deterministic scheduling formulations, for thegoiil electric microgrid study case presented in
Chapter5 under the assumption of dajeachominal schedulingNevertheless, uncertainty in tb#-grid

case stugldepictedn Chaptels was limited, and the set of generators only accounted for-gtéackdiesel
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generatorsFurthermoredue to the temporal resolution of 30 minutes, i§wat possible tproperlyac-
count for the generators stagp delay, which is the time necessary to implement thegtacommand
once it is identified by the management algorithm.

Some modifications are therefore introduced in the case study defiiotitre present Chapter compari-
son. A updated dataset relative to the Garowe microgddprovided by the industrial partner ENGIE
Eps refering to the period from January to March 2018. With respect to thecdatdered in Chapt&;
relative toyear 2016the microgrid haobserved a significant increase in the electric load, which maintains
the samedaily shape but reaches lopegak in the eveninwhich is almost twice as highs before A
comparison of a typical daily demand profile for the two years is shovgire 28. Energy demand
associatedvith the evening load peak is remarkabbnsequently more significawith respect load during
thecentral hours of thday, when PV generati is available. The evolution of the demand cpitverefore,
increagsdecoupling between PV generation and energy consumptitiancing the importance of correct
storage management

Power [kW]

1540 1550 1560 1570 1580 1590 1600 1610 1620 1630

Figure 28: comparison of a typical daily &l profile for the(G?l(’jC;WE microgrid, itheyear 2016dashed)and intheyear 2018

Soll
To increase renewable penetrafisome wind turbinelsavebeen installed i2018in Garowe contributing
to the nordispatchableenewablegeneation capacityWind generators are characterized by much more
fluctuant and less predictable power outpdreasinghe relevance aincertainty in the dispatch problem.
The actual size of the inskadl wind farm is limited and does not constitute a significant change in the
design assumptions of ChapgerStarting from the measured wind data, a synthetic pramuptiofile for
a potential wind farm 01500kW, was therefore produced. Power production is computed from the meas-
ured wind speed data according to the wigver curve of wind turbine generator VestasZ2guyre29).
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To further increase the complexity of tbperation problemand in the perspective of lowering the envi-
ronmental impact of theystemwhich now exclusively relies on dispatchable diesel generatdrddwW
biomassfueled Organic Rankine Cycle power plant is introduced in the system, suppbditgpt550

kW diesel generatorsonsidered fothe previouslesign. The ORC plant repeegs a nosilexible genera-

tion unit, characterized by load ramp constraints, long-stedelays and reduced possibility of modifying

its commitment statug\ summary of the dynamic load and commitment assumptions on the dispatchable
generators is indicat inTable15.

Startup de- | Min Down | Min Up Operatingbad | Startup load
lay [min] Time [h] Time [h] | ramgng [%/min] [%]
Biomass ORC 120 2 4 1%/min 40%
Diesel ICE 15 0 1 No limit No limit

Table15: dynamic constraints for dispatchable generators

A 2220 kWhi 1C Lithiumlon battery is assumed #eelectric storage unil.heupdatedtase study design
composition is summarized frable 16.

Unit Diesel ICE Biomass ORC PV field Wind Farm Li-ion BESS
# x Size 2 x 550 kW 1 x 1000 MW, 1 x 1440 kW 1 x 1500 kW 1 x 2200 kWh
Tablel16: system design composition
6.2 Introduction of Variable Time Mesh

To account for the effect of starp delays, and to limit the smoothing effect of temporal aggregation on
renewable poweoutput and load, the time step duratmithe simulations presented in this Chajpsger
lowered to 15 minutes. The increase in number of-8teps due to the finer temporal resolution, if no
modifications are introduced with respect to the formulatiotteduced in Chaptes, leads to prohibitive
computational times for most robust formulations: as an example, robust form&afiewen accounting

for the aggregation of uncertainty factors, is does not reach a convergence gap of 1% after 2 full days.
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Introducing significant limitation in the recourse temporal déptha | | ows t o attain a sol

which is still too sbw for the proposed operating wefrlame. This issue is overcome by the adoption of a
variable time mesh for the dispatch problédmly for the robust simulationsheé 15 minutes temporal
resolution is considered only for the timesteps falling within theacement window, while timesteps that

are farther from the advancement window, and that are therefore less relevant for the identification of the
fraction of dispatch solution which will actually be implemented, are aggregated into longer timesteps
shown inFigure30.

Simulation timespan

\ 4

Figure 30: variable time mesh definition

Aggregation involves both forecast profiles and uncertainty set parameters and is performed by averaging
the quantities referred to the independent timesteps that are aggregated. The variable tioe&madsh
Tablel7is considered in the calculations

Tablel7: variable time mesh definition for the present simulations

Timestep duration 15 min 30 min 1lh 3h
Horizon windowspan| 0-3 h 3-9h 9-18 1824
# of timesteps 12 12 9 2

The total simulation timestep number is consequently reduced from 96 to 35, leading to solution times for
a single instance of a few minute®mpatibly with the RH approach.

6.3 Wind Forecast antdincertainty

While for the electric load and the PV field the same forecasting techniques described in Ehapter

been used in the simulations presented in thipt@haorecasts profiles had to be produced for the expected
wind speed profiles, which in turn determine the wind farm power output. The only data available for the
taskin the datasas the observed wind speed. Although highly variable from day tondagt,speed pattern
exhibits, in the considered simulation period, a daily periodicity, attributable to the geographical character-
istics of the siteas shown irFigure 31 In particular, two peaks occurring in most of the days can be
identified, one in the central part of the day and one in the evening.
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Figure 31: wind speed pattern and consequent WTG production for a single Vestad2pg

A SARIMA model wastherefore adopted to produce an autocorrelated seasonal estimate of wind speed
production. The estiate is updated at each new instance of the RH algorithm (every three hours), account-
ing for the observed wind speed profiles dgrthe advancement windows shown inFigure 32. the
envelope of prediction®lative to thdirst three hoursf each RH instands characterized by an acceptable

acaracy.

WTG Power Output [kW]

0= b A
Jan 05 Jan 06 Jan 07 Jan 08

Figure 32: comparison of actual WTG production profile vs envelope of the first three hours of forecasts generated at the begin-
ning of each RH instance

Forecast uncertainty tends to decrease quite rapidly for time instants that are further from the initial solution
time, where the autocorrelation components of the SARIMA model is more relevant. The statistical error
characterization leading to the defiait of the uncertainty set for the robust formulation was therefore
performed, for the uncertainty characterization of wind forecast, considering not only the hour of the day
but also the temporal distance from the horizon starting time.
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6.4 SimulationResuls

Fixed Unit Commitmeritlode

Tablel8shows the simulation results in the fixed unit commitnograrating modet must be highlighted

that the unit commitment is fixed only in the three hours advancement window, while evethoimete

EMS can update the commitment schedule of all units, in accordance with the technical limits posed by
startup delays and minimum up / downtimes. The nominal solution is updated every three hours accounting
for the actual system evolution, whichnormally quite different from the expected nominal solution of the
previous RH instance. Therefore, nominal solution profiles present significant discontinuities in terms of
storage chargerofile, which make the nominal operating cost estimate naifisignt. For this reason,
Table18 only reports the actual system operating cost.

Actual GAP Unserved | Service Solution
Simulation Mode Operating N Electricity | Reliability | I.

Cost | [ | Twn] %] | 'mels]

Omniscient 13092 0 100.0% 1008

Y =1h 14777 13% 2526 99.7% 459

DETERMINISTIC Y =2h 15123 16% 0 100.0% 710

Y =3h 15613 19% 0 100.0% 1221

R2* 13582 4% 0 100.0% 6598

ROBUST R3* (T oh) 13611 4% 0 100.0% 3792

R3*(t oh) 13685 5% 0 100.0% 2516

Table18: formulations performance comparison in the Fixed Unit Commitivienate

In accordance with the analysisvelopedn Chapter5, increasing the energy reserve duration has a nega-
tive effect on the performance of the deterministic formulation, although allowing to attain an increase in
service reliability. Uder the Rolihg Horizon assumption with an advancement window of 3 hours, the
deterministic model that accounts for a storage reserve duration of 3 hours is virtually fully protected against
uncertainty. It is apparent though hanvthe consideredase studyhe propsed definition of spinning
reserve constraints is very inefficient in terms of performance: the operating cost of the least conservative
deterministic formulation to attain full reliability is 16% above the global optijrdeapite theossibility

of frequantly redefining the nominal solution granted by the RH approathih reference to thenergy
summary shown iffable 19, it is possible to see how thetdrministic formulation witliy = 3h with

respect to the less conservative and more performing formulation Witk 1h, relies more heavily on

diesel generators to provitlee spinning reserve, increasing diesel consumption and the energy generation
share covered by diesel ICEs, which are associated to a generation cost which is sensibly higher than the
ORC. At the same time, the more conservative storage management causesaan in renewable power
curtailment, which further penalizes the overall economic perform&irgaly, when consideringy = 3h

diesel generators are more frequestirted upTable20), implying higher components wearing.
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ENERGY SUMMARY

Load demand [MWh] 229.55
RES available energy [MWh] 88.39
Max theoretical RES coverin| [%)] 38.5%

DISPATCH COMPARISON Y =1h|"Y =3h| R2*
RESgeneration [MWh] 85.62 81.57 86.74
RES curtailment [MWh] 2.77 6.82 1.65
Actual RES covering [%0] 37.3% 35.4% | 37.7%
ORC Generation [MWh] | 135.44 | 139.44 | 140.98
Generation share from ORC| [%] 59.0% 60.5% | 61.3%
Diesel Generation [MWh] 8.45 9.37 2.33
Generation share from Diesq [%0] 3.™ 4.1% 1.0%

Table19: energy summary for the simulations featuring the indicated first layer formulations

Tot uptime fraction Number of SU
Unit Method | "y =1h | "Y =3h R2* “Y =1h | 'Y =3h R2*
ORC 70.3% 78.3% 86.4% 13 13 11
ICE1 12.2% 32.9% 8.0% 15 25 10
ICE2 2.8% 0.8% 0.0% 6 1 0

Table20: total uptime asa fraction of total simulation timepan and number of unit staups for thesimulations featuring the
indicated first layer formulations

Conwersely, the robust formulation R2*, thanks to the effective recursive storage planning already ac-
counted in Chaptds, manages to minimize renewables curtailment, reaching a total renewable penetration
which is very close to the theoretical maximum covering. At the same time, R2* very seldom uses diesel
generators with respect to ttheterministic formulations, limiting their operating hours to the periods where

the contribution of the ORC and BESS is not enough to cover for the loadRigake@3). In turn, the

diesel generation share when the robust formulation is adopted in the EMS first layer reduces to 1% of the
total energy generation.

Finally, Table 18 alsoshows how introducing partial past in the robust formulation is assoaciattec
performance reduction much less significanintimthe case of daghead scheduling optimization. In
Chapter5, decision rulesvere used to define the storage trajectory for the whole day and reducing the
degrees of freedom of the recourse policies had a deeper impact on the optimality of the recursive storage
trajectory. Under the RH fraework, the first fraction of the solution can always count on a full recourse,

as long as the recourse temporal déjathes not exceed the advancement window. For the two versions of
R3* presented iTable18, which account for a temporal depth respectively of 6h and 3h, featuring partial
past only affects the strategic decisions beyond the advancement window, which can to a certain extent be
corrected at the followingRH instance. The reduction in computational time granted by the partial past
thereforecomes at a very low price in terms of performance reduction.
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Figure 33: dispatch profiles comparison for the indicated first laf@mulations

Modifiable Unit Commitment Mode

Introducing the possibility for thEMS second layer to modify the commitment piafined bythe first

layer has to deal with the accounting in the present simulation of the generatotgpstetay, set to 15
minutes.Considering the quick start units as readily available in the reserve constraints is therefore not
exactly realistic, when compared to the actual capabilities of the units. As a consequence, all deterministic
models, which collapse on the saméuson in virtue of the mentioned modification, do not attain full
reliability, as the startip delay compromises the systaimlity to respond to instantaneous net demand
fluctuations. It is important to remember that the deterministic seleged in theSH solution instances
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during the RH advancement time still account for the nominal forecast introduced in the first layer, and
therefore continue, in case of optimistic renewable generation forecasts, to expect a contribution from re-
newables that might ner manifest. Conversely, the robust formulaf¥ can effectively guidehrough

the recursive storage trajectory constraint, the identification of the secondctageritment for ICEs
avoiding service interruptions and exploiting the advantage ofra flfexible recursivegenerators man-

agement

Actual GAP Unserved | Service Solution
Simulation Mode Operating o Electricity | Reliability | =
Cost | [ [KWHh] v | Tmels]
Omniscient 13092 0 100.0% 1008
“Y =1h 15230 16% 3897 99.6% 459
DETERMINISTIC Y =2h 15232 16% 3858 99.6% 710
“Y =3h 15160 16% 4229 99.5% 1221
R2*QS 13357 2% 0 100.0% 5219
ROBUST R3*QS(t  ¢h) 13439 3% 0 100.0% 3792
R3*QS(t oh)| 13525 3% 1972 99.7% 5427

Table21: formulations performance comparison in tiedifiable Unit Commitment Mode

6.5 Conclusions

In this Chapter, the comparison between the deterministic and robust formulations of the scheduling prob-
lem developed in Chaptéris further expanded, for the egfid microgrid case study, accounting for a
management strategy according to the Rolling Horizon approach, while considering a Shrinking Horizon
MILP-based second layeFhe microgrid case study is updated according to a new dataset relative to the
year 2018, and the microgrid design is modified to introduaénd farm and a nefiexible ORC power

plant. Forecast profiles are produced for the wind farm according to aVBARbdel, generating an up-

dated wind forecast profiles at the beginning of every RH instance. A proper accounting of the units start
up delay is also introduced, to consider the technical actuation time of generatars startmand.

The timeresolutionof the study is decreased to 15 minutes. Adopting without any modifications the robust
formulations described in Chaptewould lead to impractical computational tim&®r this reason, a var-

iable time mesh is considered in the scheduling problem of the robust simulations, increasing the duration
of timesteps that are further away from the initial solution time, and therefore less relevant for the identifi-
cation of thescheduling solution in the advancement window.

Due to the relevant increase in the dispatch problem uncertainty introduced by accounting for wind gener-
ation, the performance of the robust formulation under the assumptions dfikethUnit Commitment

and Integer Recoursés remarkably better than for the simulations featuring a deterministic first layer.
Furthermore, while the introduction riteger Recourshas a positive effect on performance in the robust
simulations, in the deterministic simulatioitdeads to consistent service interruption regardless of the
energy reserve duration imposed, due to the-stadelay introduced for the ICE generators.
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/7 TWO LAYERS DETERMINISTIC EMS FOR REAL-TIME CON-
TROL OF HYBRID OFF GRID ELECTRIC MICROGRIDS

This Chapter proposes two layers EMS suited for dield implementation in a hybrid effrid electric
microgrid. The level obystem modelindetail accounted for irthe first layer scheduling problem formu-
lation isincreased with respect to the previdbBapters, to better account for ndinearities in the units
part-load curves and in theowerdependent efficiency of electric storage umitsule-based second layer
algorithm, tracking the reference capacity trajectory defined by the first layer onceived for direct
implementation on the system PLC, is proposed and numerically, testeding the temporal resolution
of the study to 1 minute. response filtelis introduced in the second layty decouple high and low
frequency net demand variatmrand properly redistribute the variation between genset and storage to
avoid abrupt generators rampin@he proposed predictive EMS-BMS) is compared with the current
EMS deployed in thsite that providedthe dataset of load and RES generatwafiles and with an im-
proved heuristic EMS (HEMS) developed by the industrial partner ENGIE Baxounting for the current
system design, bothhPMS and HEMS vyield a significant improvement in system performarnaging
fuel consumption by more than 20% deadding to a relevant reduction in PV curtailmefihe difference
between the twnew managemeraigorithmsis nonethelessttle, due to thdimited operatingdegrees of
freedom offered by the deployed equipm&he two algorithms are thus compared envisioning a partial
revamping of thesite, identifying the optimal battery and PV field size assocmaiddeach EMSThe
optimal solution,associated to the-EMS ensures safe system operation consuming 25% less lajesel
investingin a larger battery and reaching a renewable penetragbove 65%while at the same time
reducing the overall system annuity (comprising both investment and operating costs) 6.568dnvtee
optimal solution associated to the EMS.

In the previous Chapters the comparison between the two MILP formulations of the predictive UC and ED
problem for multigood microgrids and mulBnergy systems developed in the present thesis (Detstimini
Formulation, ChapteB, and Affinely Adjustable Robust Formulation, Chapi¢érhas shown how the
AARO formulation can deal more effectively with uncertainty wigcommitment decisions are not up-
dated frequently (e.g. fixed dahead unit commitment) (ii) changes in the defined scheduling either imply
high costs or are limitkby technical aspectd (iii) when forecast uncertainty is very highn the other

hand, the differences between the performance of the two metih@tsconsidering secoHdyer strate-

gies compatible with direct implementation on a Rir@stically redue when the dispatch solution can be
frequently updated without consequences, by introducing integer recasrshown in Paragrapiv.3

where the robust formulation is associated to a dramatic increase in computational times and to a slight
worsening of the objective function with respect to an equivalently conservative deterministic formulation
Adopting a Rolling Horizon strategy (Chapb) is an effective way of introducing the possibility of up-
dating the generators commitment status while not renouncing to the compatibility of the second layer
dispatch algorithm with direct PLC implementation. It must also be remembered that adopting the robust
formulation introduces significant limitations in terms of modeling flexibility with respect tg¢heral
deterministic formulation described in Chapd3emainly related to the inability of accounting for system
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norntlinearities by means of pieagise functionsFor these reasons, in the following Chapters, spadific
focused orPV-ICE-BESSoff-grid microgrids that featuriast dispatchable generatpese managed with

a Rolling Horizon approactpdating the ICE commitment stafesd are located in geographical areas
where PV production is typically very predickapa deterministic formulation derived from the general
modelpresented itChapter3 will always be implementedntroducing a more detailed modeling of some
systermontlinearities.

This Chapter presents a thayer EMS for the optimal management of-gffd electric microgridsSimi-

larly to theEMS architecturelescribed irParagraptb.4, the proposed EMS features a MibRsed first

layer, which establishes a reference for the strategic management of the microgrid resources and defines
the units commitment schedule based on the forecasts of demand adidpaiohable generatioithe
reaktime dispatch of all units is then corrected bgeaond layeheuristic algorithm, which accowgiior

the optimal decisions established by the upper level while continuously adjusting operating set points to
deal with the observed retilne valles of demand and natispatchable generatiowith respect to the
heuristic dispatch logipresentedParagraptb.4, the second layer algorithdeveloped in this Chagr is
conceivedo operate at a higher frequency (e.g. every minute ordessfeatures a response filter to avoid
unnecessary abrummping of the generatonSirst-layer decisions are periodically updated according to a
Rolling Horizon approacghas described in Chaptér

The performancef thedevelopedPredictive EMS (FEMS) is compared with Heuristic EMS (HEMS),
developed amh beingevaluated for deploymertty the industrial partndENGIE T EPS Simulationsare
performedon a minutdime-scale.The algorithms and simulation results presented in this Chapter have
been publisheth the Journal Renewable Enef@$].

7.1 Microgrid Architecture

The developedlgorithmaddresssthe optimal management of a hybrid microgrid, featuriRfp@io-Vol-

taic (PV) field, a Battery Energy Storage System (BESS), and an arbitrary number of dispatchable genera-
tors Figure34). The PV array and the BESS stack are independently connected to the AC bus by means of
dedicated inverters. Furthermoreg @wssume that generation and consumption arethysically located

close to one another, justifying the singlede approach.

Plrurl Pl(,')
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PMPPT - pPv
PV t L] ’ t
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)
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pBESS= - piv Dy
BESS N i7
BESSe " PpRECT LOAD
PpP5>- t

Figure 34: microgrid architecture
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7.2 Hierarchical EMS Structure

A schematic description of the twayer Predictive EMS (fEMS) is provided irFigure35. The identifi-
cation of the sepoints to be sent to each unit local controller is conceptually divided into two consecutive
stagesThe first layemperforms aMILP-based deterministioptimization ofstrategicsystem management,
minimizing operating cost over the following 24 hours. To this endfdlexast generation modutde-
scribed in sectiorr.2.1providesexpectedoad and PV production profiles for the next 24 hours, with a
time resolution of 15 minutes. The solution of finst layerproblemdefines thaJC scheduleof all gener-

ators, and the optimal trajectory of the BESS SOC.

EMS

> } ] resolution) Generation
Optimal Unit Commitment Module

System initial status

ICEs On/Off status
_______________ BESSteference:Capacity Evolution: [T =il I ImTETSITET, IS R )

3

Measured PV production
SECOND LAYER Dispatch Update Weasured Load R
(EVERY MlN UTE) Measured Battery SOC J Monltorlng

FIRST LAYER
(EVERY 3 H)

24h LOGd/PVforecast(lSmin]» Forecast

—

ICE set point ] [ BESS set point ] [ PV curtailment

| | |

‘ Units Local Controllers I

Figure 35: EMS flowchart

The second layer receives from the upper ltheebwitching commands fgeneratorstartup / shut down

as well aghe BESS SOC reference trajectoiylditionally, it has access the current system statuhich

is constantly monitoredAs the actual value of net demand is obserdighatch ofall unitsis updated to
account for deviatiasifrom the forecasted profiles, and newgeints are sent to each unit local controller.

7.2.1 Forecast Generatidodule

Theforecast generation modu{&@GM) providesforecasted load and Pdoductionprofiles as input for

the solution of théirst-layer predictiveproblem.Forecasting methodologies flmad and PV power have

been extensively studiéal literature[79][80], either relying on regressive methods, mae learning tech-

niques or hybrid models. Every approach requirgigeableset of historical data ttunethe modeparam-

etersn agreement with prior power measurements and weather forecast, therefore, the procedure is strongly
site dependent. The ouwtipof the FGM must be a deterministic forecast profile, as the UC is solved
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considering reserve margins. Tferecastmethod selectedfor the presentcase study ardescribedn
Paragraplr.5.2

7.3 First Layer: Optimal UniCommitment

The firstlayer Unit Commitment (UC) problem tackled according to a version of the gendfidlLP
deterministic formulation described in ChapBehere briefly discusse&pinning reserve constraints are
enforced in the problem formulati¢kq.(47)), to increase its conservativeness and allow forthes cor-
rections to the nominal dispatch profiles. Solution conservativeness is controlled actingesethe du-
ration”Y (Eq(50)) liming the spinning reserve contributigmovided by thdBESS The general formu-
lation of the first layer problem, suitable for a genset includifigrént technologies and sizes of dispatch-
able generators, is here discussed.

The objective functiotis to minimize the overall operating cost over the simulationizon comprising
bothphysical and virtual cost termgtroduced in Chaptes:

- Generators fuel cogs and O&M cost

- BESSO&Mcost ;oo

- Virtual generator sgboint variationcostc;

- Virtual curtailment cost

- Virtual valorization of residual terminal storage chafge ;U

B. B, Ww o o ® ® WO o6 RO (129

7.3.1 Modeling Assumptions

Generators

Piecewise linear (PWL)partload curves are defined for each generdaccording to the approach de-
scribed in Paragragh4.1 Since it is common for generatordae characterized by a generation efficiency
monotonically decreasing with loddonvexpartload curve Figure39), the modeling approadbased on
defining a set of linear lower bounds to fuel consumption is adoptedthe described applicatiothe
decision of adoptinghis modeling approach place of thenore fornal definition of piecewise function
described in Paragragh4.1does not introducamplicit dissipation in the energy balance, since all ma-
chines are singteutputand do not consume internal microgrid goo@s the other hand, if slow ramping
units are installed, ramp constraints shoulaébf®rced on machine output to avoid a potentiapags of
rampdown constraintsA startup fuel consumption penalty € is considered for generators, entirely
allocatedn the timestep during which statip occurs

The tpoint variation cost included in the objective functivdefined by twa@ost segments, one defining
a cost deatband for small setpoint deviations (@& 5%) and onentroducing a penalization proportional
to the setpoint deviation excess with respect to the defined@deatithreshold
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Battery

The battery i s modé&hraghptBds3d, varying fisecimamge Igvel adcadmdg to the
power exchange with the AC bus, net of the losses introduced by the battery itself and by thé&duaverter
tifier. Energy contenis bounded by maximum and minimum BESSG@vhile charge and discharge
power are limited bynward / outwardattery power ratingd binary variable is introduced to avoid sim-
ultaneous chargeischargeto avoidimplicit dissipation

With respect to the simple single tank model of Chaptimough, storaggpower exchange with the AC
bus, mustccount for botlattery chargielischargeefficiencyand invertefrectifier efficieny:

in f5 - itn 5 - n 1o (130

I - in gy H Lo (131
Wherery  andn represent the D@C and AGDC conversion fluxes ffrom the AC bus-U /
—+Hu are respectively the invertezctifier efficiency, and- / — are BESS discharggharge effi-

ciency.

Asindicated, ttery efficiencys, in turn,a function of the battery power itself. E30)(131) are therefore
formulated through a pieeagise linear approximation, similarly to whdéscribed for dispatchable units

This modeling approach is equivalent, in the genfenahulation of Chapter3, to define a virtual good
(Astor ed e lfawhch there isena iatermplyd@and, and that can be stored in the BESS

unitary chargélischarge efficiencie§ he invertesrectifier is then represented by two mutually exclusive
machines (Eq18)), consumingpr oduci ng t he good fAst or ithdreavingct ri c
from the AC buslectric energyRigure36).

e AC BUS

’
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ch ch . prect
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AC Electricity

Figure 36: modeling of variable storage chargkscharge efficiency through the definition of the auxiliary microgrid good
iStored Energyo, eswahw mgteally exsliisivehmachimes with-Boedr part load curve representing
the BESS Inverter / Rectifier.
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Photovoltaic Array

PV power output is upper bounded by the PV nominal production at Maximum Power) Poina func-

tion of panel characteristics amshvironmental conditioat timeo (see E(26)). The PV array mighton

the other handyperate at Reduced Power Point (RPP), regulating the array voltage to produce a smaller
fraction of its maximum potential. Fahe sake ogimplicity, the profilesof ) ; already incorpate the

effect of charge controller and inverter efficienci@generation potentias split inr) , delivered on the

AC bus and)] , which represents the power reduction with respect to maximum production potential:

6Nf ONki 0N bov™ (132
Energy balance and Spinning Reserve
With reference tahe system architecture Bfgure 34, not accounting for the possibility of planned load

shedding in the EMS first layand assuming a single ndmspatchable logdhe generic nominakénergy
balancg Eq(42)) on the AC bus is given by:

B. fAr A N 6np Q bov ™ (133
While the generic reserve constramE&q(47) becomes

B, A A s p &PQ p w0 bov ™ (139
WhereoXP andwd 1§ are respectively set to 25% a®@ Reserve contributiony  from dispatchable

generators is calculated according to(&8), while BESS reserve poweE(. (49)) accouns for the stored
energy conversioafficiency at maximum discharge power

iw tn - in R - (139
Energy reserve duration@efined according to E¢O).

7.3.2 First layer output

The first layer problem provides an optimal reference for the strategic evolution of the battery energy con-
tent whichis thentracked during redime operationwhen the st-points of all units need to be continuously
rearranged based on the actual values of demand and PV prodGetimratoreommitment schedulis

fully defined by the first layerand it is not modified by theecondayer. First layer solution is updad
afteranadvancement periaaf 3 hoursaccording to a Rolling Horizon approadb account fothe actual

system evolution with respect to the nominal planning and to incorporate updated forecast information

7.3.3 Second Layer: Dispatddpdate

During realtime operation, as the actual net demand is observed, corrective actions must be taken on the
setpoints to maintain the system balancAdorimary controlevel takes care ofery-shortterm variations

(in the orabr of milliseconds)stabilizingthe frequency by redistributing instantaneous deviation among all
machines in operation, following their droop cu[8&]. This level of control is not explicitly modeled in

the present workThen, a secondary controlevel recalculates the nominal operating condition of all
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machines and shifts their droop curves talguhe equilibrium towards a negtpoints arrangement.he
purposeof the proposed EMS second layer is to continuously identify the updatedpiaaal dispatctio
beimplementedy the secondary controller

A conceptual scheme of the dispatch updigerahm is depicted irigure37. The second layer receives
inputs from the first layer and from dield measuremenand incorporates a Pl controller track the
reference battery capacity trajectory. Starting from the periodic call to the Pl conBtder(, at a given
time step the dispatch update is performed in four consecutive steps:

Step 1 the PI controller evaluates the difference betwedéerence and actual BESS charge to generate a
cumulated genset production variatisignalwd  : Shifting afraction of power generation from BESS

to genset (or viceversa) allows to gradually restore the optimal BESS SOC trajectory, with a responsive-
ness that depends on the PI settidgsew reference aggregate genset pawer ~ is thus calculated from

the PI correction signal antid nominalaggregate genset power .0 * mustbe withinmaximum
and minimum generation limits associated with the operating generAtongpdatedreference BESS
power0 * is calculated accordinglffom reference BESS powér |, to account for the load shift
introduced by the PI controller

0 ° & o b w m " m " (136)

5 z ~ ~ z ~

0 0 0 0 (137
Step 2 the net demand variation with respect to nominal scenif2io is tentatively allocated entirely to

the BESS, aa deviation from its updated nominal vallle *, leading to the definition of BESStaal
setpoint

0 iAGED * o B M m N (139
As indicated in Eq138), the physical limitationen maximum power exchange with the bating.max-
imum chargéischarge power, maximuminimum SOC constraintgreaccounted for, although nek-
plicitly indicatedin the equatiorfor the sake of clarity.

Step 3 as the BESS dispatgioweris set, the remaininfpad fraction is distributed among the active
generators, curtailing a fraction of the PV if necesshrythe simulations presented in this Chaptter
simplify theaccounting of maximum / minimum power limits and ramp constraints for all genethtsrs
step is solved formulating a simplifiedn-predictivedispatch LHor the present timestewith generators
commitment status anBESSpower exchagedset as congtints In addition to fuel cost, the objective
function includesthe ramp penalty costy; with respect to actual operating condition in the previous
timesteplf the algorithm isactuallyimplemented in #LC that does not havhkis capability the redistri-
butionof total genset powexmong generators can be done on the basisadtaprioritization list, or fixed
sharing coefficiers.

Step 4 the updated sqtoints are sent to each machine local controller, while the PI centriohsed on
the new measures of BESS charge, generates the genset production variation signal for the following cycle.
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Figure 37: EMS second layer flowchart

The proposed algorithm presents the advantage of relying onheasured data, constituting anfpre-

dictive readtime adjustmenmethod that complements the predictive solution of the upper layer problem.
Furthermore, an equivalent response filter is introduced to selectively allocatedujgancy net demand
deviaton on the BESS, while the genset balances lower frequency systematical deviations without stressing
thegenerators

For the present calculations, the dispatch update time has been limited to one minute, consistently with the
data available. However, theraputational time for each control loop iteration is well below 1 s, therefore
allowing for a much faster update rates. mentionedthe LP inStep 3might be replaced by a simpler and

faster redistribution strategy, since fireblemcomplexity isverylimited. TheproposedEMS second layer

is therefore suited for direct implementation on a central PLC.

7.4 Heuristic EMS

An improvedHeuristic EMS (HEMS) developed bthe industrial partner ENGIE EPS for the manage-

ment of multiiCE/BESS/PV systems is used astateof-the-art approach for the evaluation of the pro-
posedtwo-layer P-EMS. This control logic is based on a modifiedad Following (LF) strategy[82],

stating in its basic version that when a generator is in operation, it is dispatched to follow the net electrical
load, anddoes not contribute to charging the battery unless forced to by its operating constraints (e.g. min-
imum load, ramglown limit). Power pinning reserve requirements, analogous to the ones introduced for
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the REMS inEq. (47), are eforced on sysgm operation, to cover quick load variatighat do not leave
enough time to start an additional engine. Since tH&M$ only accounts for the current timestep, no
energy reserve duration is considered for the batiry49)). Thecontrol logic has been specifically de-
veloped to be deployed on a standamigPammabld.ogic Controller (PLC)

The HEMS computes the spbints of all dispatchable units based tre measurements of net demand
and BESS charge level. The battery SOC determines the prioritization between BESS and genset: a high
SOC implies that the battery will be dispatched until saturation befpeaerators turned on, while a low
SOC leads to the preferential usage of dieselnesgio cover the loadenerators never directly charge
the battery, unless forced to by ramgpe or minimum load limitations. An upper and l0\8&C thresholsl

are defined, in between which BESS prioritization is cyclically switcf@thwing a hysterds charge
cycle after hitting the lower threshold, theEMS waits until the SOC iestored above the upper threshold
before prioritizing again BESS discharge over generaidrs battery is also used to smoothen geseset
point variations. Aresponsdilter splits high and low frequency of net demand variation, allocating the
high-frequency component to the BESS. The number of generatorsigtartalso limited, imposing a
minimum ontime of 20 minutes.

7.4.1 Comparison with HOMER Load Followirgjrategy

This Paragraph presents a comparison of #&W$ introduced in the previous Paragraph with a similar
management strategy implemented in the commercial software HQ8MER software developed by the

U.S. National Renewable Energy Laboratory (NREL) and globally considered a standard for the design of
microgrids With respect to the Load Following strategy implemented in HOMER, the mottifisantro-

duced in the FEMS aim at limiting excessive stressing of the diesel generators, both in terms of frequent
startup/shutdown and abrupt ramping. To this end, the two major innovative features are:

- The introduction of a hysteresis cycle in thewkw BESS charge region, imposing an upper
threshold on SOC restoration before generators can be turned off;

- Aresponse filter which splits, whenever possible, the high andreyuency components of net
demand variations respectively between the batted the genset.

Table22: performance comparison betweerB1S and HOMER LF

2500 B 1 Cas| BESS PV H-EMS HOMER -LF
a ® e | [kwWh] | [kWp] cons. | Startup cons. | Startup
£ 2000 3
< of o of [10%L] # [10°L] #
N 1500 A 3750 1800 563.0 1062 561.9 3029
g o’ B | 3750 | 2300 | 544.1 | 1032 | 5416 | 2753
1000 C 4500 | 1800 513.3 1060 511.7 3027
D 3750 1300 660.6 1135 665.0 3277
2000 2500 3000 3500 4000 4500 5000 5500
BESS size [kWh] E 3000 1800 614.4 1062 615.7 3029
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Spinning reserve requirements are accounted for in tB®3 coherently with HOMER, imposing a dis-

patchable generatigrotential which is proportional to PV output and demanchinimum ontime period
for generators ialsoconsidered.
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Figure 38: comparison between dispatch profiles of HOMER LF (above) a&dS (below)

The details of the HEMS adaptations developed by EEPS cannot be thoroughly discussed here for IP rea-
sons. Nevertheless, since its performance is usedamsparison to assess the effectiveness of the proposed
predictive management algorithm, a compariaath HOMER LF was performed. To fairly compare the

two dispatch logics, the response filter included in tHENHS wasswitchedoff as this option is not avail-

able inHOMER. Five different system architectures were considered, comprising the optimalidesign

tified in Paragraplv.6.3and four neighboring configurations representative of a sensitivity analysis on PV

/ BESS sizeSince HOMER requires yearly profilesrfthe simulations, an equivalent yearly dataset was
created duplicating the available profiles.

As reported inTable22, differences in fuel consumptidretween the two management logics lanited,
suggestin@ substantial consistency between dispatch decisions. This is confirmed by the dispatch profiles
in Figure 38: most of the timethe operating conditions of the generatorsdfirstatus and load) is very
similar. On the other hand, differencecanbe observed in the number of staps about 60% less for the
H-EMS, demonstrating the effectiveness of li@d-following correctiongmplemented in the HEMS.

7.5 Case Studyefinition

7.5.1 Microgrid Characteristics

The algorithms developed are applied to the manageimewmiffgrid microgriddeployed inGarowe So-
malia[83]. Installed units comprise of:
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- Four 630 kVA/500 kW ICE;
- Six PV arrays, for a total field nominal power of about 1 W

- A 1440 kWh leaehcid BESS, composed of two battery packs, connected to the AC bus through a
250 kVA bidirectionhinverter.

The microgrid is currently managed by a central PLC, which controls ICEff status and all poweset

points. The BESS follows a daily cycle, charging when exceeding renewable production is available and
covering part of the load at niglBESS charge/discharge power is conservatively limited to 120k'the

control systento reduce battery wearinglthough the BESS is able to provide up to 200 KW field
production can be controlled by a Reduced Power Point Tracker, if the combinectiprofflom PV and

ICEs is greater than the load and the BESS has either reached its maximum SOC or is already charging at
maximum power. In any case, the operation of all the components must comply with spinning reserve
requirements, selected as the maximbetween the PV production, which may suddenly drop, and an
instantaneous load increas® hset to250 kWbased orthe analysis ohistorical data:

W0 awa b N (139
The sum of maximum potential load increase of all active |@klEs BESS reserve contributiamhich is
set to 20kW, must always balance the reserve requirement. This control logic does not consider several

aspectdncluded in the EMS presented, such ake ICE efficiency reduction at partial loathe actual
power potential of the BESS, atite smoothing of the ICEetpoint variation

Actual measures of diesel consumption were used to identify then@fcterist curve Figure39-left),
corresponding to a specific consumption increasing at partialigdre39-right). BESS has been char-
acterized based on nameplates informatiorilewbad, PV MPP, and PV actual productimmutely pro-
files are available as part of -field measures dataset.
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Figure 39: ICE diesel consumption measures and fitting curve

Simulations were based on a dataset of redlabth measurements for electrical load and PV generation
potential, provided by the industrial partt&XGIE i Eps, spanning the time period between September
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15" 2016 and November 302016. A first fraction of the dataset (up to Octobef 2016) had to be
discarded because of the gaps in the measured load profiles due to the frequent acquisition system faults.
Out of the remaining dataset (last two weeks of October), some dayssbad ak excluded as they are

used for the training of the load forecasting methodology. The month of November was trsaiefcie

as test peod for operating cost evaluation.
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Figure 40: solar radiation pattern for the timegpiod in between July 28th 2016 and April 16th 2017

About the seasonal variation of the considered loads and PV power generation, the PV generation potential
measured in Garowe for the period going from Jul) 2816 to April 18' 2017 is shown irFigure 40.

Although a minor seasonal efteon radiation can be observed, the variability of the average daily energy
production is within the range of + 10%itsf average value aconsequence of the location which is pretty
close to equator (latitude 9 N). Furthermore, t
as days in which the overall PV production is below 70% of the average valuaitae o 3 out of 263.

7.5.2 Forecashg Methods

7.5.2.1 Load forecast

Among the several techniques used for load forecagtblg Seasonal Autoregressive Integrated Moving
Average (SARIMA), already applied to electric demand forecast for midroggnagemer84][85][47],

has been used in this study. This method is suitable for forecasting electricity consumption as the demand
pattern presents a daily periodic behaviay exogenous variablese considered in this case, due to the

lack of tanperature and irradiation foreca$he identification and tuning of the SARIMA model follows

the BoxJenkins methodolog[86], then,the final model is univocally identifiedy Akaike information

criteria (AIC)minimization[87]. The selected model is a SARIMA(2,0,1)(0,3s1yhose coefficients have

been evaluated with the Econometric Toolbox inlEta{R2017b)The available dataset consists of sam-

ples of consumed active power measured on minute base, averaged every 15 minutes to have the same
temporal resolution of thérst-layer problem. Load foreast is updated every time a new instance of the
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UC problem is solved, incorporating the new load measures in the training set. Forecast accuracy is quan-
tified in terms of Mean Average Percentage Error (MAPE) and Skill Score (SS) index, which compares the
forecast Root Mean Squared Error (RMSE) to the RMSE of a persistent forecast, that assumes a future
profile equal to the previous day observations. The SARIMA model performs a MAPE of 3.74% and a SS
of 0.392 for the whole test period. A sample of loaddase profiles is shown iRigure41.
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Figure41: Load demand forecasted profiles with SARIMA compared to a persistent method (righ@amend instantaneous

errors of SARIMA method (left)
7.5.2.2 PV forecast
Due to the absence of irradiation and ambient temperature forecast data, a proper method for PV output
forecasting such d88], could not be implemented in the considered test case. PV production has therefore
been estimated based on the historical data according to the peculiarity of timessitay daysPV pro-
duction closely follows the theoretical clesity profile. PV prductiontends on the other handh rapidly
fluctuate inchangeable weathdays, accounting fatbout 20% of the totdime. Two different reference
profiles have been defined, assuming to know in advance if the next day will be sunny or not. ltanimpor
to note that the selection of clear or variable weather can be updated every time the forecast is updated. In
the case of variable weather, a similarity with known real and forecast data from previousasds&en
assumed. In particular, the quargilistribution of forecast error between fitted and real Garowe data has
been set as close as possible to the one resulting from a validated PV forecast[8®tsodling the
clearsky profile by a constant coefficient. The fitted profiles are shoviigare42.
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Figure 42: PV forecast generated versus actual production profile

7.5.3 Economic Performance Indexes
System economic performanceeigaluated in terms of annui§9], an equivalent cogidexthataccounts
for both operating cost and investmiegplacement cost of components:

Ve VOY .

oeeg0Qow 5 5 OV w (142

Where'O¢ is the componenhvestment, calculated according to its size and to its technsjogific cost

® (Table23), O 'Vis the investment discount rate, set to 10%,is the component lifetime, is the
yearlydiesel cost for each ICE.early diesel cost is computed by accounting for fuel congion rate in

each simulation timstep and prorating the total consumption over the year according to the simulation
time-span”Y
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DieselcostbU i s assumed to be 1 G/ L.

The annuity corresponds to constant cash flow in terms ofzgeaeurosthat would need to be paid each
year tocover for investment, replacement and operating dodéginitely. It allows to evaluate and compare
the cost of systems that include many components addtfferent lifetime. It is important to note that the
lifetime of BESS and ICEs is respectively expressed in terms of lifetime throughiptidand lifetime
operating hour®¥. The actual componeritdtime is thereforea consequence of the dispatch profile itself.

Based on the annuity, it is possible to define the Levelized Cost of Electricity as:

550 588 0Q00 y
VOV DY e o@@aa ovyQl 0 Q0 (149
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Costs ad lifetimes assumptions, reportedliable23, have been obtained by private communication with
companies working in the sector and are consistenttidtiiechnical reports from IRENX][90]; the PV
investment cost includes inverters and idataln cost, while the balance of plant (BOP) cost has been
considered separately from the cost of BESS modules, due to their different lifetimes. Considering that the
focus of this work is on the operation strategies ormaoath time span, the effect afing on the perfor-

mance of PV panels and BE8&®dules is neglected.

Table23: Specific investment cost and lifetime for each component technology.

BESSmoduleg BESSBoP
PV ICE BESS Lead
Li-ion Lead acid converter Li-ion acid
JLec | 1000 160 . . . |70
mt ST W g kw 270 G/ K 110G/ kW 80 G200 df o7y,
1 550030 1000 ‘@
1 20y | 50000 h wh W 20y 20y

7.6 SimulationResults

First, a comparison between the present&MS andH-EMS with respect to theurrentmicrogrid man-
agement systems was performadopting the system design deployed in Garalescribed ifParagraph
7.5.1 Then, gartialchange imicrogriddesignis evaluatedreducing the number of engines from four to
two, andexploring a grid of BESS and PV field sizesassesshe overall economic performana# each
configuration

7.6.1 Hierarchical Control Testing

As previouslymentioned, thadvancement time for the Ritist-layersolutionis set to3 hours as opposed

to a future foresight of 24 hourReferencegprofiles for thelower level,established by the firshyerwith

a 15min temporalresolution,are linearly interpolated to a minute by minute discretization, before being
passed down to the second layEne Pl controller modulates the genset overall production to track the
nominal BESS charge trajectory as load and PV production deviate frocasaoréccurate and updated
forecast, as well as reference trajectory correction, contribute tdragjéav efficient rescheduling of BESS
SOC restoration. PI controller tuning allows to set the desired responsiveness to SOC deviations:

1) If the priority is to be protected against outages/anBV curtailment is limited aggressive Pl
2) If SOC restoration can wait forewfirst layersolution instancéy, weak R

An example of first vs. second layer dispatch is showkigare43. In the example, load demand forecast

is accurate, while PV production has been significantly overestimated. The, gleassforecompensates

for the supply deficit, gdually increasing its output to cover the energy demand and to restore BESS
trajectory. Starting from 16:30, the real SOC is higher than the reference trajectory, therefore the genset
modulates downwards its power production with respect to thddirst setpoints. The Pl responsa

this caseis slow: a more aggressive Pl would have restored BESS capacity faster, stressing the machines
and potentially anticipating seléstoration of capacity trajectory due to PV output increase or load demand

1 BESS lifetime throughput is evaluatesi mumber of cycles from minimuto maximum SOC
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overesimate. The energy reserve constraints enforced in the upper layer ensure in any case that demand
can be satisfied.

P-EMS first layer P-EMS second layer
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Figure 43: Comparison between UC and retithe dispatch

7.6.2 Garowe CurrenDesign

Figure44 shows a comparison of the dispatch profiles yield byH#eMS (center) andP-EMS (bottom)

EMSs, compared to the real operation of the migdo@op). Time resolution is 1 minut#.is clear how

both alternative management strategies more effectively schedule the unit commitment of ICEs, minimizing
the number of active engines to provide spinning reserve and consequently increasing tgsr laaer

factor. Fuel consumption is cut by more than 20%, PV curtailment reduceéhbtor of 8ncreasing the
renewable penetration from 18,8% to more than 3Lable24).

The economic performance of the two approaches is very close, withyslayker fuel consumption for

the REMS by 1.2%. This is mainly due to the system design featuring a smadd&hbattery of limited

power and capacity.his implies that the optimal microgrid management strategy is relatively straightfor-
ward. Furthermore, the small battery size limits the sysigmamic behavigreducing the extent to which

the predictive feature of thelPMS can be exploited. As a mattdrfact, the performance of-BMS and
P-EMS falls, respectively, within 1.9% and 0.8% above the global optimum, calculated by solving a mi-
nutely MILP with perfect future foresight over each day (corresponding to a total diesel consumption of
62700L).
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Figure 44: dispatch profiles identified by current dispatch system (togEM$ (center), andEMS (bottom)

Table24: results summary on simulations of Garowe reference case

ENERGY SUMMARY

Loaddemand [MWh] 3552
RES available energy [MWh] 1208
Max theoretical RES covering [%)] 34.02

DISPATCH COMPARISON Real Case | H-EMS P-EMS
RES generation [MWh] 66.6 1122 1145
RES curtailment [MWh] 54.2 8.61 6.3
Actual RES covering [%6] 188 316 322
Diesel generation [MWh] 296.8 2492 2467
Total diesel consumption [10°L] 74.7 63.9 63.2

ECONOMIC COMPARISON Real Case H-EMS P-EMS
Annuity [ Ka/ m 86.5 76.2 75.7
LCOE [ A/ MW 2393 210.3 209.1

A few differences can still be noted in ttispatch profiles yield by the two algorithms:
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1)

2)

The REMS distributes the battery utilization on a longer time span, serving for peak shaving and
securely operating the system with only one diesel engine at higher load factor more often than the
H-EMS;

Both EMSs are effective in smoothing ICE ramps, which is a remarkable advantage in terms of
machines wearing mitigation. On the other hand, since an indirect filter is adopted in the MILP
formulation and PV curtailment is not included as a smoothing optierfiltéring effect doesn't



work in the PEMS when the BESS is either full or empty. This effect is not present in-EM %]
which incorporates an actual response filter.

7.6.3 NewDesign

System design and management algorithm are closely related: systenisdemtacontrollable units and
components with marked dynamic behavior, such as batteries or machines with limiting ramping con-
straints, can better benefit frame adoption of the-EMS. At the same time, both EMS seem capable of
secuing the operation ofhe microgrid using less generation resources than what currently installed in
Garowe.

A new design with partial modification to tli&arowe microgricarchitecture was therefore developed to
assesshe actual potential of the proposedEMS; the newdesign leads to a micgrid with higher flexi-

bility and dispatchability which requires an effective dispatch strategy making it the optimal case study to
investigate the effectiveness of the proposed management algorithm. To create the newtrde&ifpwT

ing assumptiongere made(i) the current ICE models are maintained, but the number of engines is reduced
from four to two, (ii) lead acid battiesarereplaced with lithiurdion which isamore flexible technology

in terms of power exchange as well energy capacity and it is commonly adopted in large microgrids, and
(i) a potential expansion of the PV field is also consideEstimate of the yearly operating cost is based

on themonth ofNovembey assumed representative of typical year conditions in virtue of the limited loca-
tion seasonality (seParagrapl7.5.]). Parameters of the design study BESS capacity and PV field
nominal power.

A grid of potentialPV i BESS sizes is explore#&igure45 shows the annuity for the systems within the
range of sizes considered. It can be seen how:

- The optimal PV field size isespectively2 times and 1.8 times larger than the current installed
capacityin Garowe, whemdoptingP-EMS and HEMS;

- The optimal BESS size if theePMS is adopted is 1.5 times lamthanfor the H-EMS case re-
flecting a steeper gradient in fuel consumption reduction at higher BESS sizes, conseqtience of
ability of theP-EMS to extract value from a smart BESS management

- The range of BESS sizes that can effectively be exploitwd fin economic point of view is
broader as the size of the PV field increases for both dispatch methods;

- The economic performance of théeRIS is better in most of the PBESSsizeplane, mainly due
to the difference in diesel consumptidfigqure46). On the other hand, when decreasing PV field
capacity, as seen for the current Garalesign, both strategies lead to comparable results, that
reflect similar dispatch profiles.
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Figure 45: system annuity as function of PV field peak power and BESS capacity {EM& Rleft) or the FEMS (right) is
adopted; theed points indicate the optimal design configurations.

As PV field size increases, so does renewable penetration, reducing the overall diesel congtiguoton (

46). Savings are more relevant when the PV field is small with respect to BESS capacity, while they tend

to stabilize at larger PV field nominal powet)erestorage capacity is saturated by the daily PV production.
The same holds for large baties, which result to be oversized with respect to a given renewable energy

production.

Diesel consumption P-EMS [1 03L] Diesel consumption H-EMS [1 03L]

2600 2600
2400 2400
2200 2200
22000 22000
: 53
5 1800 - 1800
N N
% 1600 % 1600
a a
1400 1400
1200 1200 &
1000 1000
800 (=66 : 266 : 86 800 £8 : % pu—
1000 2000 3000 4000 5000 1000 2000 3000 4000 5000
BESS size [kWh] BESS size [kWh]

Figure 46: diesel consumption as function of PV field peak power and BESS capacity-EM8 Reft) or the FEMS (right) is
adoptedthe red points indicate the optimal design configurations.

The relative cost share of each component in the two optimal architectures is shicatnhei25. Diesel

consumption is the main cost index in botkMS and HEMS cases, respectively accounting for 50% and

60% of the annuity. £MS optimum spends almost 1.5 times more tH&EMS optimumin BESS:exten-

sive BESS usaggrantsa fuel consumption redttion of abou25%, which outbalances the additional BESS
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capital investment and leads to a system annuity for the optiHaB ¥ system which i6.5% lower than
the optimal HEMS system. Fuel saving, which is due to both PV curtailment reduction and Qg
efficiency asa consequence of the higher load facteig(ire47), also reflects in improved environmental
performance. From this analysis,dtrcbe concluded that theBMS outperforms HEMS in terms of LOE
and CQ emissions.

Table25: annuity indexes summary for optimalEMS and PEMS architectures

P-EMSto | Weight on

Annuitized cost indexes H-EMS P-EMS H - EI\?S0 (pEA)g aon
k i/ ma annuity%|k U/ mo| annuity % % ity
PV CAPEX 9.86 141 11.26 17.2 14.2 2.0
BESS CAPEX 8.68 124 11.33 17.3 305 3.8
BESS Converter CAPEX 0.74 11 0.61 0.9 -17.6 -0.2
BoP CAPEX 6.04 8.6 8.45 129 39.9 3.4
ICE CAPEX 158 2.3 1.35 2.1 -14.6 -0.3
ICE OPEX 4298 615 3235 495 -24.7 -15.2
ANNUI TY [ kU 69.88 65.35 6.5%
LCOE [ ™¥Wh] 196.7 186.9

Table26: energetic performance comparison betweeBMS and PEMS optimakrchitectures

P-EMSto
ENERGY SUMMARY H - EMS

q¥o
Load demand [MWh] 3552 0.0
RES available energy [MWh] 2115 2417 14.3
Max theoretical RES covering [%0] 595 68.1 145

DISPATCH COMPARISON H -EMS P - EMS

RES generation [MWh] 1924 2311 20.1
RES curtailment [MWh] 191 10.6 -44.5
Actual RES covering [%0] 54.2 65.1 20.0
Diesel generation [MWh] 1689 1282 -24.1
Total diesel consumption [10°L] 43.0 323 -24.7
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Figure 47: optimal designs dispatch profiles

7.7 Conclusions

This Chapter proposeand numerically evaluates new twelayer EMS for the economic dispatch and
control of oftgrid PV-ICE-BESS microgrids. The first layer of the algorithm optimally solhegpredic-

tive unit commitment problem overhorizan window 0f24 hours via deterministidixed Integer Linear
Programmindgormulation of the optimal UC and ED problefirhe generator®n/off status antherefer-
enceBESS chargérajectory are defineth this stageSpinning reserve constraints are addpteaccount

for electric demand and PV production uncertainties. A Rolling Horizon approach is adopted to update the
first layer solution every 3 hours. The EMS second layer performs-Anesetpointupdate for all active

units, based on the measuredues of uncertain parameters and on the BESS SOC set by the upper layer.
The algorithm is suited for an dield implementation, deploying the first layer of the EMS on a support
industrial PC, which communicates with the system PLC on which the seg@mndd run.

The performance of the new algorithm is numerically testedata froma microgrid located in Garowe,
Somalia. The performance improvement yaeltly the Predictive EMS (EMS) is assessed with respect

to the control system currently deplalia the microgrid and tormewimproved heuristic version (EMS).

Results show a significant reduction in diesel consumption (about 15%) allowed by the two new control
algorithms with respect to current consumptions. On the other hand, limitationsianimithe system ar-
chitecture limit the advantage of a predictive optimizatioE{FS), which reduces the fuel consumptions
with respect to FEMS by only about 1%.

Finally, anew design fofzarowe microgrid igvaluatedreplacing leaehcid batteries wit lithium-ion and

the overall system cost is explored as function of BESS capacity and PV field nominal power. Two distinct
analyses are carried out under the assumption of deploying respectivelg M@ & the HEMS. The two
EMSsare associatet verydifferent optimal desigs with the REMS pushing towards a larger investment
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in the storage system that brings about a fuel consumption reduction by about 25% because of both reduced
PV curtailment and higher ICEs load factor. The optim&NPS system saes a total annuity of 65.35

ka/ mont h, 6. 5 %MS optreal systeim.a Ine adoptien otthe proposed control algorithm, if
deployed within an appropriately sized microgrid, therefore leads to an energy production that is both
cheaper and greener.
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8 DESIGN OPTIMIZATION OF RURAL OFFGRID MICROGRIDS

This Chapterproposes a MILFbased design optimization algoritHiar hybrid offgrid microgrid, devel-
oped for application ithe context of regional electrification planning. The deterministic scheduling prob-
lem formulation idapted, introducing binary investment variables for discrete components selection from
a generation and storage technology catalogtige typology and sé of all microgrid components is iden-
tified by solving a deterministidesign and operation probleover a reference period, representative of
the typical yeaiin terms of renewable generation potential and load profiles for the microgridT$iee.
actualoperating cost associated to the optimal design is Yadidated by means of a realistic simulation
of its operationspanning the entire typical yeaaccording to a Rolling Horizon approach with limited
future foresight (24ours ahead)The proposed dictive design algorithm (PA) is compared with a heu-
ristic design and operation algorithm (HA) develomedhe MIT Universal Energy Access Lab, in collab-
oration with whom the project has been develop®é.comparison is carried out solvingvgralinstances

of themicrogrid desigrproblem accounting for variousompositions ofmicrogrid loads (categorized ac-
cording to a library of consumerlasses) and a wide range of microgrid sizes in terms of overall yearly
energy demandResults show o the PAwith respect to the HAllows to attain savings in the overall
microgrid cost (comprising both investment and operating cbetsjeen 8% in the case of small systems
that do not feature a dispatchable generatehjle the advantage increases#8% for microgrids large
enough to include in the optimal design a diesel generd@tothe same time, the microgrids designed
according to the PA are associatedadigher level of service reliability, as well as to a higher share of
renewable penetration in sems featuringliesel generators.

The deterministic model for dispatch optimization presented in Chaptansiders a fixed system archi-
tecture, in terms of charaststics of the installed unit®©n the other handhé designanalysis performed

in Chapter7 on the architecture dhe Garoweoff-grid microgrid demonstratdabw theoptimal operating
performance attainable by a microgrid is strongly affected by the flexibility provided by its design, which

in turn determines the investment cost necessary to construct it. In general, the effective selection and sizing
of the componestcomprising a microgrid cannot prescind from the definition of its management logic,
without which it is not possible to account for an accurate estimate of the operating costs following the
adoption of a specific design. Simulating system operationauefierence time period allows to evaluate

the fitness of candidate solutions, and consequently guide the design selection process. This is particularly
important in the case of effrid systems, where the requirements of ensuring reliable system operation
attaining high renewable penetration and limiting the final energy cost for its users make the design defini-
tion stage particularly critical.

This Chapter presents MILP formulationof thediscrete design optimizatiqoroblem: starting from the
model inroduced in Chapte3 binary investment variables are introduced, to activate / deactivate the pres-
ence of candidate microgrid components, discretely selected fcatalag listing different models of gen-
erators, battery modules and PV panels. Optimization aims at mininsigitgm annuitythe equivalent

cost index accounting for both investment and operating sustsluced in the previous Chaptén ex-

plicit dependency of annuitized investment costgenerator&and batteries on their operatiprofile is
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introducedin the MILP design prdiem formulation to correctly account for the effect of wearing on the
lifetime of these componerasd on the impact that it has on design decisiDpimal design and operation
are identified at the same time, simulating the microgrid operation oeéramce period and allowing for
the simultaneous and interdepended optimization of bdth.algorithmis suitedfor the inclusion okea-
sonaloperation constraints in the design stasyeh as minimum reliability thresholds asehsonal diesel
availability. Finally, the operating cost estimatedhe solution of thedesign problenis validated, intro-
ducing realistic assumptions @orecast availability for dispatch optimizatiofhe yearly operation of the
optimaldesignis thusevaluatedollowing a Roling Horizon (RH) approachand solving an operation prob-
lem equivalent to théormulation adopted for thigrst-layerof the EMS proposed in Chaptérto identify
the optimal dispatchsolution corresponding to the selected desigre effect of uncertainty on system
operation is noaiccounted for in this Chapter, as tapacity of the predictive algorithm to deal with un-
certainty has already been proven in the previchepters.

The algorithm has been developed as part of the collaboration with the MIT Universal Energy Access La-
boratory, as a potential alternative to the heuristic sizing and operation methodologies under study. These
algorithms are meant to be integmtinto the software REMRgference Electrification Model91], a
comprehensive tool for the definition of regional electrification planning in developing countries. The soft-
ware manages the definition of electrification clusters within a partially electrified region, evaluating on
and oftgrid electrification optias for groups of users. A detailed microgrid design is finally identified for

all off-grid clusters and starmlone usersThe performance of the neMILP-based design algorithia
thuscomparedo theheuristic algorithm{HA) usedat the time (2016) forfb-grid microgrid optimization

in a preliminary and simplified version of tiREM. The dispatch logic implemented in the HAth®
Advanced Battery Valuation (ABV) strategy described9®]. Design and operatioare optimizedising

the two algorithmdor a large number of ruranicrogrids of different sizedn the workframe ofsub
Saharan African regiorgectrification Solutions are compared both in terms of overall cost, service quality
and renewable penetration, demonstrating the superiority of the proposed algorithespétt to all com-
parison parameterghe algorithm and results presented in this Chapter have been publighedloarnal
Applied Enegy [89].

8.1 Microgrid Design optimization algorithms

As already mentioned, the identification of the optimal microgrid designwyell as the definition of an
effective operation strategyis a critical stageot ensure the competitiveness of-gffd systemsandto
minimize thelLevelizedCost ofElectricity (LCOE) fortheir usersDesign and operation strategy are inter-
dependentselecting the microgrid configuration based on an erroneous estimate of how it will be dis-
patched can lead to sensibly syftimal actual performances as shown by Mazzol@4h. A few ap-
proachegommonly adopted in the field of electrification planning for the identification of optimajriff
microgrids design are summarizedlable27.
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Table27 brief classification of the literaturapproaches tanicrogrid design optimization

Model Design identification Dispatch strategy
type (layer 1) (layer 2)
Analytical Analytical expression | Simulation not performe
LF
Grid search Heuristic ccC
two-layers
(GA, PSO, Pattern Searc ABV
MILP
single layer MILP

Off-grid LCOE can be estimated usiagalytical modelsthat do not simulate the system operation over a
period but only require assumptions on overall energy demand and technological performances of compo-
nents[93], or that include also additional lumped factors, such as population dE#ityrhese models
present the advantage of requiring very short computation time, and for this, teagare the preferred
method forestimating the cost aiff-grid systemsn preliminary electrificion planning studies. On the

other hand, they do not explicitly address the design and dispatch problem, which can lead to misleading
LCOE estimate. This limitation can be overcome with more complex simulatiased design algorithms

that select the sizef components based on the simulated performance of candidate solutions over a refer-
ence period.

A broad range of differemtvolevelmodelshasbeen proposed itheliterature[95]. Most of the approaches
decouple design and dispatch problems, resorting to the performance evaluation of fixed architecture sys-
tems as fitness parameter to guide the exploration of the design[8fhackdopting heuristic dispatch

logics is a fast and realistic way of simulating the microgpdration. They comprise of a set of predeter-
mined rules that control the system based on its status and on the characteristics of the installed equipment
and have the merit of being easily deployable in real systems given the state of the art in cdgnmercia
available hardward@he two most acknowledged heuristic dispatch strategies for hybsiglidffnicrogrids
areCycle-Charging (CC) and Load Following ().Fsee Paragraph4.]). CC and LF arémplemented in

the widely known simulatiofvased microgrid design optimization software HOMER], developed by

the US. National Renewable Energy Laboratory (NREL) and globally considered a standard for the design
of microgrids Alternativeand more advanced heuristirategies arproposed byLi [92]: among them,

the Advanced Battery Valuation (ABV) strategy attains a good performanceuivypipment oversizing

and does not require the calibration of the diesel activation/deactivation thrpstsdat in theCC ap-

proach Even nore advanced secottalyer control strategiebestsuited forcomplexsystem architectures,

rely onMixed Integer Linear Programmirj§8], as discussed in extenttinis thesis

As adrawback, the twdayers models complicate the introduction of seasonal and yearly constaathts

in general limit the possibility of accounting for interactions between adjustments tophtchistrategy

and selection of the optimal componeriike fitness of design solutions that do not enforce the require-
ments on overall system performance can be penatiz@dst but trying to adjusthe structure of the
operationamanagement logito avoid the penalization would require an iterative process between the first
and second layer that would severely limit the effectiveness of the search space expkatio: same
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reasopnan accurate accounting of wearing cost for components whosadifistinfluenced by their yearly
dispatchis of difficult implementation in algorithms that separate design and dispatch optimization pro-
cesses

On the other handniegrating design and dispatch optimization sirglelevelmodelleads to the formu-

lation of a complex problem, that can be tackled via MILP. The most famous software for design optimi-
zation relying on this technique is DEBAM [99], developed at Lawrence Berkeley National Laboratory
since early 2000The software is oriented towards design and operation evaluation for complex CHP and
trigenerative grieconnected microgrids in developed countries and includes the evaluation of the thermal
behavior of buildingsA much simpler model is presented Bgrrer-Marti [100] for the optimization of
spatially distributed offyrid microgrids featuring solar panels and wind turbine generators. The model op-
timizes number and location of installed units and elgdttonnections between consumption points but
does not consider the installation and management of dispatchable generdt®&] the design of a
distributed multinode CHP system featuring dispatchable anddispatchable DERSs is optimized via a
MILP in both onrgrid and offgrid scenarios. Although partial load operation is allowed for dispatchable
units, a constant afiency is assumed for the machines. The effect of components wearing on their lifetime
is also not accounted favlost importantly, he model does not deal with the rdeterministic nature of
renewable energy production, nor performs-avaluation of he microgrid performance with limited fu-

ture foresight.

8.2 Hybrid Microgrid Architecture
The developed design optimization model is limited tegoil hybrid microgrid featuring the general ar-
chitectureshown inFigure48[102].

CHARGE 5 /0 dza ACbus
CONTROLLER

GENERATOR

PV ARRAY

INVERTER/
RECTIFIER

BATTERY -

Figure 48: hybrid microgrid architecture

A photovoltaic (PV) array and a battery energy storage system (BESS) are connduteliréat current
(DC) bus, which can Hilirectionally exchange energy witthe alternate current (AC) bus via an
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inverter/rectifier. Thamicrogrid loadand adispatchable generatare directly connected to the AC bus.
Network losses are onbccounted foin theconnection betweetie AC busandthe load by means ofin
averagalistributionlossefficiency— , increasing the perceived demand on the ACNasvork losses
between the generation and storage units are neglastéite components aassumed to be close to one
another. The efficiencies of the PV array charge controller and of the inverter/rectifier are also accounted
for.

Two power balances are imposed on the AC and DC buses, which are connected by an inverter / rectifier
allowing for bi-directional power conversion. In the model formulation introduced in Ch8ptéis is
equivalent to consider AC and DC power fluxes as distinguished virtual goods, with the inverter/rectifier
acting as a connector linking the two bus balances, according to convdfisienages— /— . The
electrical load is modeled as a ndispatchable AC load, split in high and low priority componé&hts;

andQ , associated to different unmet penalties:

/t (145

where:

- Power injected by the PV array on the DC busgigal to the power produced by the pangls )
multiplied by the efficiency oits charge controllef~ );
- Power injected by the battery on the DC bus is equal to the power discharging from the battery
i N ) multiplied by the battery discharging efficieney ( );
- Power withdrawn from the DC bus by the battery is equal tpdlaer charging the battery
i N ) divided by the battery charging efficieney ( );
-0 is the power withdrawn from the AC bus and injected by the rectifier (with efficiency
) on the DC bus;
- 0 isthe pover withdrawn from the DC bus and injected by the inverter (with efficiehgy)
on the AC bus;
- N p is the poweproductionby thegeneratar

- Qf ., pandQ i , [ arerespectivelyhehigh priority and low priority served
loads'Q j/Q j is thereference high / low prioritgnergy demandf microgridusers,,  /
» B IS thehigh / low priority unmet loadand— is the efficiency of the distribution network.

Starting from:

- Reference aggregate demand profiles, defined by the single profiles of all customers within the
boundaries of an electrification cluster and
- Perunit PV generation potential profile characterizing typical radiation conditions of the location
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the djectiveof the design optimization is to minimize the sum of annuitized investwostand operation
costs annuity), which in turn determine the Levelized Cost of Electricity (LCOE) for the microgrid.users
The designs defined by theumber size,andtypology of installeccomponents, namely:

- Technology and size of the dispatchable generator;

- Technology and number of PV modules constituting the PV field;

- Technology and number of BESS modules constituting the system electrochemical storage;
- Size of thenmvertefrectifier

Componentsselection is based @an equipment catalogisting technical andeconomiccharacteristics of
different type ofoptions for each component clagsuniform modeling approach is adopted for the alter-
native PV andBESStechnologes which are therefore characterized based ostandard set ofnodel
parametersDetails of the consideremhodeling approachre presented iRaragrapt8.4.2 Similarly, the
catalogincludesvarious models ofienerators of different sizes, each associated with a specific character-
istic curve and technical parametddscause of the relatively simple customizability of invéreetifiers,

the size of this componenaie be varied continuously and is not selected from a discrete list. A variable
specific installation cost is on the other hand considered, to account for economies of scale.

Table28: information included in thgeneration catalodor each component class

Unit Technical parameters Cost parameters
1 Rated power .
GENERATORS | q [oadfuel curve Machine cost
. Installment cost
(ICE) bl Max_/ minload _ Yearly O&M
1 Lifetime operating hours
1 Startup penalty
1 Module apacity
T Module max / minrsOC
BESS 1 Charge/dischargefficiency | Mtoﬁme CtOSt .
1 Max charge/dischargecurrent r:? arlmeon&,c\:/los
1 Nominal voltage early
1 KiBaM model parameters
1 Lifetime energy throughput
oy 1 Module mted power | MOﬂUIe cost
q Lifetime r:?ta P%‘é&%t
1 Perunit generation potentigdrofile eary
1 Inverter/ rectifier efficiency Specific cost curve
INV/REC 1 Inverter/ rectifier size ratio Ir:?tall{n%‘é&%t
 Lifetime early

Table28 summarizes the information contained in the catalbg. only generation technology considered

in the calculations are diesel internal combustion engines. A limited subset of the operating constraints
described in Chaptéis therefore implemented, but the design model is in principle extendible to include
any type of generation technology, by adding if necessary additional operating constraints, as per the
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general formulation of Chapt8r The catalog could, therefore, be extended according to the exposed guide-
lines, to account for additional generation / storage technologies.

8.3 Microgrid designoptimization

The MILP-based designptimization algorithm (hereafter referred to @redictive Algorithm PA) de-

scribed in this Chapter has been developed to serve as an alternative sizing method to the heuristic sizing
routine Heuristic Algorithm HA) developed at MIT Universal Energy AcaseLaboratory103]. Both al-
gorithms,given a certain aggregate load profled the local renewable generation potentafinean

optimal configuration of generati@nd storagsystemghataims atminimizing the system annuitized total

cost

Both PA and HA ardased on a twstep approach. Firs,fidesign sukproblenr® s el ect s t he opt
eration and storagechnologies andizes, evaluating the system operatiaverfour weeks representative

of the wholetypical year.Considering only a subset of the typical year timespaecessaryo limit the

problem size and therefore tbemputational timeAdditionally, oftenonly average seasonal data are avail-

able fora givenlocation allowing for the characterization of typical seasonal wekkise location shows
significant seasonafariability in radiation and/or demand patterns, typical weeks and their corresponding
weights on the objective function would need to be determined by a more accurate clustering process, sim-
ilarly to what is done if104]. In the case study ader analysisthe low seasonality of demand profiles
within the region simplifies the selection process of the characteristic weeks,wérietherefore equally
spacedwithin the yearcoveringt he f our s e a sopematon sulpmhdeatn dt, eessehesetedtfih
design ovethe entire typical yeaaccurately estimating theearly systemoperating costand components
wearing Theresultsobtained from both suproblemsarefinally combined to providéhe resulting system
annuity and_COE estimate.

The HA relies on an iterative seardf the design spacéased on théitnessof each candidate system
configurati aore.si@unddob @ i adulipoEaemgidispatch decisionare based othe
heuristic and noipredictive Advanced Battery Valuatistrategy[15], and the design space exploration is
therefore decoupled from the dispatch decisions taken in the operatipnotldm that simply evaluates
the performance of a fixearchitecture candidate solution.

Conversely,t e P A s odesigesb-probler® fopti mi zing at the deme ti m
cisions The optimization problem is formulated as a single Mitdhstituting an adaptation of the optimal

dispatch MILP described in Chapt&rBinary investment variablei addition tooperating sepointsof

all units,constitute the variables of the optimization problem. The problem encompasses the entire design
reference period, antherefore the optimization algorithm has emniscientvision of future profiles of

solar radiatiorand load This approach has the advantagellowing for the easy and effective inclusion

of constraints over specific time spans, like minimum annuaésyseliability or daily/weekly fuel con-

sumption limitsIn two-layers algorithm (e.g. the HA), seasonal constraints are accountegddeteaiori,

discarding or penalizing the design solutions that do not enforce them without accounting for potential
modifications in the dispatch strategy that could avoid violating the constraints. On the othan beugte
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layer algorithmsthe dispatch profiléhat setdesignfitnessis associated tan unrealistic perfect knowledge
of load and radiation profiles a@®the whole design reference period, which resahipptimisticeval-
uation of actuabperatng costs. Thisunrealisticassumption isnade less criticdby theintroduction in the
design sukproblemof two typesof reserve constraints

- Spinning reserveonstrainty Eq(47)-(49)), which impose to accouifior generation marginthat
allow compensatinget demand fluctuations;

- Capacity reserve margins, which introduce a slight oversizing of critical components (e.g. I/R,

PVCC) that increases the design solution conservativeness.

Table29: general scheme of the main differences between HA and PA appsaache solution of design and oper-

ation subproblems

HA

PA

Design sub
problem

Output Optimal equipment sizing Optimal equipment sizing
Considered period Four representative weeks Four representative weeks
Equipment typology and size Optimized Optimized

Method of optimization Grid search Ml LPon(efi phot

Objective function

Minimization of system annuity

Minimization of system annuity

Dispatch strategy

Predetermined prioritization ruleg
among resources, applied to acty
operating conditions

Optimized

Additional notes

Dispatch decision rules are inde
pendent from design decisions

Accurate BESS and ICE wear co
are included in the optimization
and power reserve is enforced

Output

Investment decisions

Investment decisions

Operation sub
problem

Considered period

Full year (8760 hours)

Full year (8760 hours)

Equipment typology and size

Fixed by the design stfroblem

Fixed by the design sefroblem

Method of optimization

Rule based, applied @xtual oper-
ating conditions

MILP (Rolling Horizor)

Objective function

None. Rule based.

Minimization of operational cost,
including BESS and ICE wear co

Dispatch strategy

Predetermined prioritization ruleg
among resources, applied to actu
operatirg conditions

Optimized

Additional notes

none

Power reserve is enforced

Output

Yearly dispatch profiles

Yearly dispatch profiles, now with
updated dispatch assuming perfe
24-hour forecast

Thesecond layer of the PA overcomes the initial assumption, evaluating theyaedglperformance by
aperatienssukp rsd b ladopiing a rolling horizon (RH) approadhe actual hourly
dispatch strategy is optimized only based on ngard (24 hoursforecastof RES energy production and
load consumptionyhich can be estimatedth good confidencel he additional dispatch update that would
be needed to adapt the dispatch solution to the actual net demand manifestation is noy expdieldd

sol vi

in thiswork, since it has already been extensively proven that, with adequate reserve margins, the predictive
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solution is capable of dealing with forecasts uncertaByh MILP were formulatedn MATLAB , using
the toolboxXYALMIP [105].

A scheme of the main differences among the two methods and the tyooklbms is reported ihable
20.

8.3.1 Design objective function

The objective of the design optimization is to minimize the overall system cost, comprising both investment
costs (sustained every time a component is purchased / replacenf)gsaatihg costs. Due to inhomogene-

ity of cost indexes temporal distribution, an equivalent parameter accounting for differences in the discount
rate to be applied must be considered. To this end, the concaaptwtyis adopted as problem objective
function. Annuity representan equivalentfixed amount of money thahe investor would have to spend

each year to purchase, operate and maintain the micrtmgrach indefinite amount of timét is equivalent

to a Net Present Costs calculated over an infinite investment evaluation horizon and distributed homogene-
ously across the investment lifetime. The annuity cash flow, expressed in year zero currency, is therefore
composed of by yearly opting costy 0 ‘Oénd the sum of all components investment /replacement cost

6 © vaoannuitized according to annuity factwio

DELEOQOWOODO0 G OO (146)

The yearly operating costséstimated based on dispatch profiles associated to the solution of the design
optimization problem. Operating cost is considered representative of all future years, therefore neglecting
the effect of wearing on components performance as well as potdwiaes in the shape of demand
profiles. Accounting for these changes would require performing simulations of the operation on multiple
years, which would in turn increase the size of the design problem and its computational complexity. Op-
erating costs incide fuel cost for all generators, operation and maintenance costs for each microgrid com-
ponent, and a virtual penalization for reerved energy:

O000® UQD RO AR (147
Purchase/replacemiecosts is annuitized according to the annuity fagt@ accounting for

- yearly discount rat® i representing the expected return on invested capital (considering inflation
rate, equity / debt cost, and investment risk) and according to whstifiows sustained in differ-
ent yearare made comparable;

- frequency at which the investment cost is sustaittedeplace the componeat the end if itdife-
time0 Y

Theannuity factor yielding the annuitized investment cost fraction for compd@etiterefore calculated
as:
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00 —— (149

For some componentge PV panels othe I/R lifetime isconstantFor ahercompments asgenerators
andbatterieslifetime depends on the component usage pattern, that afSegearing procesdn the case
of generatordifetime is defined as thtal amounbperating hour® h . Actual lifetime duration is
therefore calculated according to the actual generator yearly operatingmfburs

,L‘)"Y T]_ (149)

The lifetime of BESS system expressed as Lifé¢ime ThroughPut (LTTP), that is the overall energy
which can flow through the battery before it needs to be repla@dd is in turn proportional taumber

of batterymodulest , life-time energy tihoughput that can be provided by a single module during its
lifetime'0 D . Lifetime duration is then calculated basedtbe actuaBESSyearly energy output
O h

¢ o "

Y o T (150

It is worth noting that this link between dispatiécisionsand component lifetiméand therefore system
annuity)is fully accounted for by the PA method in thalution of thefidesign sukp r o b | whila the

HA approach simplyccounts for it in thealculationof the annuity, and considers battery replacement
cost when takinglispatchdecisions only as a fixed operation and maintenance cost, based on an estimate
of the actual BESS lifetime

The LCCE is finally calculated as the ratio between the equivalent annual cost and the overall demand
served. The equivalent annual cost for the system is calculated as the sum of:

- Theannuitizednvestment cost for the selected equipmsizie and technology adketermined by
t h @esidn sukproblend, but the annuity factor of ICE and BE&Supdatedased on their actual
yearly usagedeterminednt h eperdétion sukproblend;

- The annual operating cost associated toydely dispatch profiles yielded by the solution of the
floperation sukp r o b | Leaah 8hedding cost is not included, since its scope is simply to affect
the objective function, ensuring a higher quality of theise, but it does not represent a real cash
flow.

8.4 MILP Design Problem Formulation

8.4.1 Annuitization of variable lifdcime components in PA

In the objective function, the actualization coefficients for ICE and BESS investment cost arinaaron
function ofboth the investment araperation variabledq.(149-(150). The actualized nolinear invest-

ment cost function is on the other hand convex with respect to its variables in the space of interest. It can
therefore be approximated by means of a real variable, lower bounded by a family of linear constraints
constituted by a set of lines (or planeg)gant to the original nelinear cost curve (or surface). In the
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optimal solution of the MILP, the annuitized cost linear proxy will be as low as possible, and therefore
bounded by this set of constraints. The spacing of the tangent points determireesitheyaof the annu-

itized investment cost proxy and can be controlled arbitrarily by increasing the number of tangent points as
shown inFigure49.

0.25]
0.24 | o -
— Actualization coefficient
—— Linear proxy (2 expansion points)
— Linear proxy (4 expansion points)
0.23 |

O Taylor expansion points

0.22 |

dr
1— (1 +dr) LT

0.21 |

02= :
1500 2000 2500 3000 3500

Yearly operating hours [h]

Figure 49: Nortlinear ICE actualization coefficient as function of yearly operating hours (orange line) and family of linear coef-
ficients that serve as lower bound with adjustable precision. The linear proxy characterized by 4 expansion pomtadoow
closely the actual value of the actualization coefficient.
The approach is equivalent with the technique explained in Paragr&dHor dispatchable generators
with convex padoad curve More details on the specific annuitized investnodt formulation adopted

for BESS and generators are providespectively in paragraplds4.2.3and8.4.2.5

8.4.2 Modeling Assumptions

The following paragraphs describe the adaptations of the general formulation presenteden3Joapt

the optimal operation problem, specifying how the constraints for each component type have been modified
in order to introduce design variables in the P&igie problem.

8.4.2.1 Photovoltaic (PV) array

The PV array isormed bya discrete number of modulés , selected amongne of the technologies listed
in the generation catalogue. Each PV technol@y ~ is associated to a penit generation potential
profileny j, representing the specific array power output correspondingital yearlyambient conditions
(irradianceand temperature) characteristictbé geographical locaticend technological peormance of
the module technology. P¥xcessproduction can be curtailedith respect to Maximum Power Point
(MPP) powerpy acting on the PV charge controller, delivering only a fraction ofémeration potential
on the DC busThe product of number dfistalled modules and penit production profiledetermines the
MPP generation, constituting an upper bound for PV powey dispatchednthe DC bus:
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Nk Np € bon (15

Technology selection variabl& determines the typology selected for the PV array, bounding the num-
ber of installed models according&o . A single PV technology can be active at a time:

¢ Ot Fon (152

Or p (153

N

PV array annuitized CAPEX is’yield by the sum over all PV technologies of the annuitized investment cost,
computed as product of number of panels and single panel purchase cost. A teespedbifiy lifetime
0 "Yindependent from operating decisiorss¢dnsidered in the annuitization coefficient:
0 0 LUD (154
opoop Qi
8.4.2.2 PV Charge Controller
The maximum powedispatched othe DC bus determines the size of the GhargeController (PVCC)
coupled to the PV array, which might be undersized with respect to PV array peakQluavge controller
size is assumed to be modifiable with continuity, but a minimum size threshdlddicedThe efficiency
of the charge controller msssumedhotto depend on its size

notoA s - bon (159
Aol O (156

PVCC specific investment cost tends to decrease with size, due to economies of scale. Based on the pro-
vided catalog of models available on the market, agiastinterpolant function can be defined. The func-
tion can then & approximated via a piegdgse function, according to the methodology shown for machines
characteristic curves in Chap&irif the range within which the size of the PVCC will fall can be estimated
with confidence, a simpler approach consists in considering a linearosizeurve defined by coefficients
a andp , obtained as local linearization of the originah-linear interpolant. In this case, annuitized
PVCC investment cost is yield by:

6 6 0G0 a n °f 0 n 2 (157)

" p p Qi

A constant PVCC lifetimé "Y, independent from its size, is considered.

8.4.2.3 Battery Energy Storage System (BESS)

The battery stack is constituted of a discrete number of mogules selected from a technology li€¥

P 1 °, associated to diérentnominalmoduleenergy capacitp  andState of Charge (SOC) boundaries
"YO 6 /"Y0 6 .Energy conten®y is therefore bounded by an upper and lower limit depending on tech-
nology and number of installed modules:
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& O YOO8 O ¢ 0 Y06 bov ", pn’ (159

The dynamic evolution of the BESS energy content is given by the usual storage dynamic equation:
Op  Ofp i My bov ", pR’ (159

To count on a more general battery modeling approach, capable of dealing with multiple battery technolo-
gies, The Kinetic Battery Model described @] is adopted for all battery technologies, consistently with
the commercial design software HOMEBR]. The model is based on a linearization of the internal battery
kinetics, and it divides stored energy in two fractions: energy readily available to be exchyngad
energychemically bondedvithin the battery and therefore not accessible to be exchamged set of
equations describes the dynamic transition of energy from the bounded to the readily available state, as a
function of the technologgpecific kinetic pamaetersQ andakU

O ©O;p Q ©Of Gup Q Of bov ", pn’ (160
p . YT
= Q ' Q Q
0 p p
0O ©Op ©pf Jov ", pn’ (16
The kinetic BESS internal state evolution in turn also affects maximum charge /discharge power:

rug (o) O Q Of up Q bov ", pn’ (162
p

Nk —
PHo o Guo o o»p

P
Q
O QQ Ofp HQ p Q bov ", pn’ (163

M i —
p Q auQ Q p

Although originally developed for leaakid batteries, by tuning the kinetic parameters the KiBaM can be
used to represent a wide range of different battery technologies. Specifically, by settikiméiighcon-
stants the entire energy content of the battery is collapsed in readily availatig,dracing back tthe
Asid @lndé& 0 denwilted ih Chapte; suitablefor example folithium-ion batteries.

As already mentioned, the lifetime of each battery stack is determined by its lifetime energy throughput,
which represents the maximum enefiyw that the stack can sustain before having to be replaced
(Eq(150). The annuitized BESS investment costtiereforea nonlinear function othe number of in-

stalled modules andtheyearly usag® h

N ¢ W Qi e R h
0 0 LWO | Qe hO

" pn° (169
p p Qi
Where:

- ¥ isthe module cost for battery technold@yp » * ;"
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- 0 is the energy lifetime throughput for battery technol@yp n * ;°
h

- 0 is the yearly battery throughput, depending on dispatch deci@pps
. h —~ .
O Mp L (165
The annuitized BESS investment cost functiQa FO h is on the other hand convex in both

variables. The nofinear cost term can therefore be represented through a family of linear constraints,
representing tangent planes to the original cost function in a series of @iltsand setting a lower
bound tad 6 OGO  :

606000 f a ™My a £ n O (166)
Where'O is the binary investment variable of storage technol@gyp 1n ‘. The selection of a single
storage technologyoherently with the microgrid architecture showRigure48, is enforced by bounding

the summation of storadgnary investment variablé®

0 0 (167

N PR £
Finally, storage power output is computed by accounting for the potential contribution of all storage tech-
nologies:

[0 I

=

| (169
@R (169

- g:l
¢

an‘

8.4.2.4 Inverter / Rectifier

An Inverter/ Rectifier (I/R) must be installed either a battery stack and/or a PV arrajniduded in the
microgrid, to allow for DC/AC and AC/DC conversion respectively represented by theegative net
flux components)  andf] . IR size is determined by the maximum powertexge between the DC
and AC busesaccounting for déixed nominal power ratior¢ Goetween the inverter and the rectiftgyer-
ating modes The most restrictive conditioassociated to one of thapposite power flowsets the I/R
nominal size} " :

TN R (170
ma s oA " oYo (179)
Inverter / rectifier efficiencies /—  and lifetime are assumed to be independent from itsAfzeeen

in the case of PVC@\ non-linear specific cost curveomputed from the generation catalggnterpolating
thediscrete dataset of commercial models, to take into aceconbmies of scal@iecewise linearization
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can then be used to fully represent the wholelim@ar cost curve, or a local linear interpolant can be
defined based on the expected I/R size. In this case, the annuitized investment cost is yield by:
. .. Qi
n o (172
p p Qi
Whered andr] are the local linearization coefficients andY the I/R lifetime.

(@]

6 6 0o a

8.4.2.5 Generators

A discrete list ofgenerators among which to choose must be incliddtk generation catalog. Eagén-
eratoris defined by goartload curve linking power production and fuel consumptias described in
Paragrap!3.4.1 A simple lineampartioad curvewas considered in the model, to limit computational com-
plexity. On the other handhe characteristic curve of diesel Internal Combustion Engines (ICE), which are
the main generators ofterest, can generally be very well fitted through a linear interpanire39). In
principle, all constraints for dispatchable machines presentedragrapl8.4.1could be included in the
design problem. Nevertheless, due to the coarse tempsddlition normally considered in design studies
(1 h timesteps), only a subset of the operating constraints has been included in the formulation:

- maximum and minimurfoadlimits (Eq(9))
- ramping limits (EL0))

- minimum up/down timeKq.(12)(13))

- startup additional consumptiori((14))

A binaryinvestment variablé© links the presence of each gener&®n to its investment cost, by setting
a limit on its on/off variablé ;:

arp 0 Y (173

Where"Y s the duration in hours of the design gubblem. As seen for batteries, the annuitized invest-
ment cost of each generator is a +ioear function of its investment decision and dispatch profile, i.e. of
its yeary operating hours:

8 0G0 0o ol "oofio P
o (174
h
p p Qi
Where:
- o isthe generator investment cost;
- 0 " isthe generator yearly operating hours, defined as:
v~ B o
O QU (179
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Since the annuitized investment cost is a corfuaktion of yearly operating houyr$ can berepresented
through a family of linear constraints, representing tangent lines to the original cost function in a series of
points’@ \, and setting a lower bound o 00X, :

00 f)(fQi a Qp L n o (176)

A limit on the number of installable generators (equal to 1 in the considered architecture) is finally enforced
by bounding the summation of all generators investment variables:

o p (177

N3

Finally, generator poweasutput is computed by accounting for the potential contribution of all generators:

N i N (179

N1
8.4.3 Spinning reserve requirements
The usuakeserve constrairdin generation capaciig enforced to ensure that the system is able to face
instantaneous and unforeseen variationdeshand and renewable generatituming real operatiarit is
assumed that granted this margin, the ICE and BESS are capable to hartitieeraative net denmal
variations and frequency regulation according to their droop curve and tetaneatdispatch algorithm.
The maximum power contribution in each hour from BESSaatiste generatomniust therefore benough
to satisfythe worstcase net demandccouting for planned service interruptians

i OF i +H o
N3 PR (179
p w® 0O - 0 p WO+ +H

- Ny isthemaximum power that can be provided by the ICE;

- &y is the binary variable that defines if the ICE is switched on (1) or off (0);

- [ 1y is the maximunmeservepower that can be provided by the battery stdefined as the min-
imum between stogee maximum power and storage full discharge power:

O, QQ Of aUQ p Q
p Q duQ Q p (180

B

iy O ¢ O YO 0
- ®w'® andw 0 Bare the percentage variations to be considered for energy demand and PV produc-
tion respectively, in defining the worsase net power that serves as spinning reserve require-
ment. Both are set to 25%.
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8.5 PA Operation suiproblem

Since the dispatcB t r a t e gdgsignm sukp t b b Icad memefit from the unrealistic exact knowledge

of future PV and load trendence the optimal design has been determined (e.g. the optimal investment
variables of the PA design problenthe actual yearly operatiomes t 1 s ¢ o ngperdationdubi n t he
problend, adoptinga more realisticolling horizon(RH) methodology: the dispatch MILP is conservatively
solved for a limited future horizon (24 h), for which weather and demand forecasts are known with perfect
accuracy. Once the problem is solved, the obtasioddationis implemented only for an initidiaction of

the time (6 h), then the starting time is moved forward, and the procedure is repeated until the entire time
range has been spanned. It is acknowledged that the pdafezheadforecast provides some advantage

over the actual operation over ancertain horizon, but we are relying of the good quality of 24 hour ahead
forecasts and on its update every 6 holinefull accounting of the effect of uncertainty on the predictive
management of hybrid effrid microgrid is discussed in detail @hapter7.

The objective function of each dispatch MILP is the minimization of the operational cost of the, system
comprising fuel cost, cost of neserved energy, and witag cost of generator and battery, representing a
specific O&M cost indexSpecific wearingostis calculated distributing the component annuitized invest-
ment cost estimated in the design-pubblem over the corresponding yearly usageeported in egation
(181). By doing so, wearing cost leads the yearly operation dispatch to converge to a value of BESS and
ICE lifetime close to whids found asoptha | i desigh dule r @ b ] tumingdhe actualized investment
cost achieved by the two simulations.

- 6 6 060 - 6 6 060

w B a0 w B ST (181
Finally, system annuity ise-computedcombiningsizing informationdetermined by thdesign sukprob-
lemand the optimalearly dispatch strategyield by the operation sukproblem All relevant noHinear
cost functionqe.g. generator palbad curve, I/R and PVCC specific investment cast)included in their
nortlinear form in this last stage. Therefore, all errors introduced by the MILP linearization process can
only influence the quality of the optim®IILP solution, not the value of the LCOE itself.

8.6 Heuristic desigralgorithm(HA)?

The HA design approach is based on an exploration of the design space through a direct search method
[106], aiming at minimizingsystem annuityFor each candidate solution, system annuity is estimated by
simulating system operation through the reference design period, according to the Advanced Battery Valu-
ation (ABV) strategy described [82].

ABYV follows, time step after time step, a prioritization among the availgbheration units, to produce
the instantaneous load and to charge the battery when considered economically convenient. No information
about future load / radiation profiles is exploited, and no spinning reserve is enforced. The dispatch

2 The heuristic algorithm employed in this paper is the one being used for microgrid optimization in a preliminary and simplified ver-
sion of the Reference Electrification Model developed by the MIT/Comillas Universal Energy Access Lab. For more information see
http://universalaccess.mit.edu.
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prioritization list is built according to a specific energy production cost for each source: PV panels have
null generation cost (absolute dispatch priority), ICEs spegéfheration cost is related to thpartioad
efficiency, whereas the cost of load shedding (wharhlme considered as an equivalent generatairi-

bution) is setaccording to the required reliability of the systf38]. The cost of using the battery as a
generation unit is weighted relatively to the other generators proportionally to its present state of charge:
the closethe battery is to its maximum SOC, the higher its ranking in the prioritization list will be.

The units are dispatched from the least costly up, saturating their generation capacity until the load is satis-
fied. The effectiveness of the dispatch methadwe other welknown heuristic dispatch strategies (Cycle
Charge, Load Following) igoroughly discusseith [92].

The HA looks for an optimal microgrid design by exploring a search smanprising variougombina-

tions of PV, BESS and ICE sizes. To enhance convergence anditblocal minima, a bilimensional

search for BESS and PV sizes is performed, fixing the ICE size. Starting from a center design point (red
dot in Figure50-left) the algorithm solves the hourly dispatch problem over the desigipesubd for 8
surrounding combinations of PV and BESS sizes (blue points). In the following iteration, the center design
point is moved to the point with the lowest system annuity among & explored thus far. If the new
center isdifferent from the previous one, the search radius identifying the neighbors remains unchanged
(Figure50-centej otherwise iis reducedkigure50-right). The search continues until the search radius is
equal to the grid discretization

An optimal combination of PV field and BESS sizes is identified for each ICE size considered. The ICE
size is in turn varied according to two strategies: starting from the lowest to the highest reasonable ICE size
available (the minimum size that can mpeak demand), and from the highest to the lowest. The two
strategies stop the search when an annuity minimum with respect to ICE size is found (i.e. the annuity
corresponding to optimal PV and BESS siireseases with respect to the previous ICE sizeidered).

The optimal solutions of the two strategies are then compared, and the one yielding the lowest annuity is
selected as optimal design configuratiBmally, the actual optimal system annuity is recompetgalor-

ing the operation throughout the lfeharacteristic year in th@peration sukproblem as seen for the PA

ICE size fixed * Current best design
* Neighbors to be explored

* Points explored A

A 4

PV size PV size PV size

L]
L]
°
.
L]
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L]
L]
.
L] . L] L] L]
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BESS size BESS size BESS size

Figure 50: search algorithm for heuristic design

154



8.7 Comparison of HA and PA design and operation

The two design algorithms were compared in the frameworkestaase representative of a rural region

in subSaharan Africg characterized in terms of local renewable generation potential and tyjod ooy
electrified customersSpecifically,hourly patterns of electricity usage for tifferentcategories of users
werebased on a dataset provided by members of the MIT / Comillas Universal Energy Accestabab
orating theeesults of a field survegefining typical appliances associate@&th class and life hahifable

30 shows theusers categorieand thecorresponding numerosityithin the region.The methodology
adopted irdefiningthe energy consuption profiles is described [107]: based orthe rated power of each
appliance, verbal descriptions of its usage pattern and considering an aleatory variation respect to the aver-
age profile, a library of different refaree energy consumption profiles for each customer type has been
produced. Examples of claspecific profiles are shown igure51 for six different types of users. The
black lines represent the annual average hourly load profiles while the two red dotted lines @&enthe 5
95" percentiles, respectively.

Total number of buildings 47251
Estimated number of currently
electrified buildings

6435

Numbers ohonelectrified buildings

Small residential 31879 | Cooperatives 55
Large residential 7967 | Government 8
Shops 768 | Primary school 31
Banks 43 Secondary school | 20
Churches 40 Hospitals 5

Table30test case consumers by type in the considered region

Optimal design and operation for a diverse set of clusters of users, covering a range of aggregate yearly
energy demand, were identified using the two design algoritiiitiple aggregate load profilesere
createdby preservingn average the sanregionalratio between users of different classesl varying the
total number of usenwithin the microgrid their compositionandtherandom association of each user to a
characteristic profile from therofile library. By doing so, each microgrid size interval was characterized thrawgide range
of potentialcasesdifferent in terms of peak power and aggregate load pattern shape, in orassess the differences between
PA and HA approachasmder he most general assumptiomdicrogrid sizes go from staralone systems including only one
building tovery largesysters encompassing wide fraction of theegion.

3 Due to the existence of anon-di scl osure agreement bet ween t histribationtahdtrarsmissionn st i t ut i o
authority providing the dataset, the exact location of the region adopted as case study is not declared here.
4 See http://universalaccess.mit.edu
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Table 31 shows a comparison between PA and HA optimal component sizing for the 10 synthetic mi-
crogrids whereakigure52 shows the percentage savings achieved by the PAl fiveanvestigated mi-
crogrids.

Large Residential Small Residential

- - Average building consumption
- - 95th/5th consumption percentile

o - NN |
6 12 6 12 18 24

Hour of day [h] Hour of day [h]
Primary School Bank

Hour of day [h] Hour of day [h]
Hospital Government Building

Power [kW]

Hour of day [h] Hour of day [h]
Figure51: average consumption profile and hourly load variability for different types of users

For microgrids with low annual energy demand no ICE is installed, since the high specific coslt of sma
size ICEs and their low generation efficiency make them not competitive with purely solar electricity gen-
eration plus storage. For FIBESS only systems the annuity reduction attained with PA is between 2% and
4%, due to the relatively straightforwarceittification of an optimal dispatch strategy for roomplex
systems(Figure 52). A transition zone can be observed for annual energy demand of ab&Q0 75
MWh/year, where the architecture of the optimum design that is obtained by the two methods is different.
Here, the R includes an ICE in the system as opposed to a costlieBESS system designed by the
heuristic method. As the installation of an ICE becomes feasible, the advantage attained by the PA sharply
increases t0-8%, denoting the better ability of the proptseutine to manage the operational degree of
freedom given by the engine, and of exploiting it in conjunction with the buffer capacity of the battery to
optimize the ICE fuel consumption and battery wear (we acknowledge the advantage provided by the 24
hour perfect forecast). Finally, at even higher sizes both methods feature an ICE, but the PA consistently
opts for a larger PV array, and manages to minimize PV curtailment and to optimize the usage of the smaller
ICE by exploiting the flexibility grantedylthe adoption of a very large BESS.
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Table31: optimal heuristic and predictive microgrid design for different microgrid sizes

HEURISTIC OPTIMA

PREDICTIVE OPTIMA

Yearly

Peak-

Users Energy| Power BESS| PV ICE |CAPEX| OPEX Annu- LCOE | BESS| PV ICE |CAPEX|OPEX Annu- LCOE
KWh | kW kWh kW kw $ $ ity $ | $/kWh | kWh | kw kW $ $ ity$ | $/kWh

1 | 1575 0.09| 0.65 | 0.14 0 115.67| 71.95| 1954 | 1.253 | 0.57 | 0.14 0 111.05| 71.71| 191.0| 1.225
4 1027 | 0.65] 4.18 1 0 451.36| 85.94| 558.3| 0.534 | 3.94 1 0 435.68| 84.81 | 543.8 | 0.518
12 | 3041 | 1.59] 10.75| 2.75 0 1124.6| 112.8 | 1342 | 0.421 | 10.47 3 0 1139.3| 112.4| 1295 | 0.418
34 | 8245 | 5.04| 32.9 8 0 3330.7] 195.1| 3686 | 0.436 | 30.9 | 7.75 0 3228.3| 187.5| 3607 | 0.424
101 | 24630| 14.7 | 99.8 23 0 9576 | 436.4 | 10630| 0.417 ] 93.1 | 225 0 9285.5| 413.3 | 10379| 0.405
301 | 75150| 44.1 ]| 291 70 0 28654 | 1163 | 31735| 0.407 | 121 | 34.25| 40 | 14716 | 14812| 29550 0.393
894 | 2.31e5| 131.3| 127.6| 62 100 | 26018 | 57396| 85735| 0.365 | 248.5| 84.25| 100 | 32526 | 46307 | 78996| 0.342
2664 6.85e5| 390.7] 378.5| 180 300 | 77145 1.62e5| 2.45e5| 0.353 | 692.1| 231.8 | 300 | 91565 | 1.36e5| 2.28e5| 0.333
7940| 2.08e6| 1167 | 861.9| 614 | 1000 | 2.22e5| 4.93e5| 7.26e5| 0.346 | 2266 | 756.3 | 750 | 2.96e5| 3.87e5| 6.83e5| 0.329
4081( 1.07e7] 6000 2950 | 3143 | 6000 | 1.06e6| 2.65e6| 3.74e6 0.348 | 10320, 3607 | 4000 | 1.40e6 | 2.09e6| 3.49e6| 0.327
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Percentage annuity reduction attained by predictive function
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Figure 52 annuity reduction by adopting thpeedictive design algorithm for various microgrids

Figure 53 shows the LCOE trend and breaj as a function of microgrid size, for the HA and PA ap-
proaches (left andght stacks respectively). Economies of scale make larger microgrids cheaper per unit
output. On the other hand, connecting users in areas with low density of demand will imply larger distribu-
tion networks with higher connection costs. BESS is the mainfaostandalone and small microgrids

while fuel is the major cost index for systems featuring an ICE. Therefore, an optimal dispatch of the engine
is a key factor in reducing the total cost of microgrid design, explaining the increase in energy ogst relat
difference between HA and PA for large systems.
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Figure 53: LCOE breakup for microgrid of increasing size, for heuristic (left bar) and predictive (right bar) optimal design

The optimal management of the ICE results in adnigiercentage of production from renewable resources

for large systems, consistently achieving a percentage of overall energy production from PV which is about
10 percentage points higher for the PA as reporté&dguare 54-left. Finally, the predictive approach also
results in higher average system reliability for small microgrids supplied by just PV and BESS and reaching
a nearly 0% load shedding once an ICHstalled aseported inFigure54-right. This reflects in an annuity
reduction attained by the PA over the HA, which is generally greater than the correspondingeldGOE

tion since, differently from the LCOE, the annuity explicitly accounts for theseoved energy penalty.
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Including the integrated production planning of additional eneetgted goods in addition to electricity,
as proposed by the authord1108], would increase the degrees of freedom exploitable by Mitihiza-
tion, and lead to even further energy cost reduction.

el
< 10% >
100% % . & ; . L
= s
= 997 . = a ¢
— 80% [
- - N TR S
c o 98 8, . 4 0c ¢
2 60% — .
© — Predictive solution - |} < . o
E —— Heuristic solution o 9%r P e e
@« _'_l_:—'_'_L'—| _ .
C% 40% - 96 s
L o o o . °* Heuri syear fapdrati on deman
e P : ¢ * Predi ctyievae fowplelr ati on serve
20% — 9l —Mean heuristic system relli
™ . —Mean predictive system rjel
0% . H HERIE R H I R R H i N 9 % . . . . |
102 10° 10 105 108 107 18 18 16 18 16 16
Yearly energy demand [kW h] Yearly enerkgWh demand

Figure 54: (left) renewable share of energy generation for microgrids of various sizes, (right) fraction of demand served in heu-
ristic (red) and predictive (blug)ptimal designs, for various microgrid sizes
8.8 Conclusions
This Chapterproposes aMILP-based approach the optimal sizingof rural microgrids. Theroposed
Predictive Algorithm (PA) is based on the solution dfliaed Integer Linear Prografiormulation ofthe
Unit Commitment and Economic Dispatch problem accounting for discrete investment vafiabl&A
is compared with &leuristic Algorithm (HA)evaluating the systeoperating profileaccording tqrede-
fined heuristicdispatch rulesand performinga sarch of the design spat® identify the optimal design
configuration Both are applied to the local electrification of rural communities of aSaifaran African
region.The comparisobetween the two algorithm performed by exploring the design ofasde number
of differentmicrogridinstances, generated according tef@rencdibrary of classspecific loadsand en-
compassing a wide range of sizes and compositidmsainalysis highlights how theaain advantages of
the PA with respect to HA are:

- Theoptimal design of PV and BESSidentified by the HA according toraodified pattern search
method that may incur in local minima, as well as with the search of the optimal ICE. Multiple
launching of the optimization process or examination of all theilpescombinations of PV, BESS
and ICE generally results in an unacceptable computational time. The PA method modifies the
problem formulation with a linear approximation that allows computing the microgrid optimal de-
sign and dispatch by solvingpaeshotMILP problem

- The HA dispatch strategy is based on a heuristic rule that allows to deal with each time step inde-
pendently from the others and ignores the consequences of these hourly decisions on the overall
yearly performance. As a result, HA cannot depalispatch strategies that account for component
wear or annual constraints, for instance. The only option for HA is to pengtiasteriori the
solutions that do not satisfy these global criteria, potentially discarding optimal design configura-
tions that, with proper dispatch decisions, would be capable of respecting the constraint.
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On the contrary, the PA method considers component design and operation dispatch jointly, as well
as the entire optimization horizon. This allows PA to include easityponent wearing costs and
general constraints like a minimum annual system reliability or maximum fuel consumption. An
obvious drawback of PA is that it assumes a perfect knowledge of uncertain events over the period
of optimization. However, a realistperformance of the design obtained with PA can be obtained

by simulating its operation with a predictive MILP optimization algoritfioiowing the Rolling

Horizon approach It remains for further research to
the PA methodo to design heuristic operation
solution given by PA.

The numerous tests performed with both algorithms designing microgrids show that PA leads to a
lower cost of electricity, a higher ggen reliability and a larger penetration of renewable energy

for all the investigated cases. These advantages are more marked for more complex microgrid ar-
chitectures that include an ICE in addition to PV and BESS, and in the presence of dispatchable
loadsor mult-commodity systems.



9 CONCLUSIONS

This doctoralthesis deals with theéevelopmenandnumericalevaluation ofadvancedormulationsof the
optimal scheduling problem for microgrids and M#dtiergy Systems (MESpased on Mixed Integer
Linear Prgramming (MILP) techniqued.he contribution ofthe thesisis articulated in four consecutive
stages:

1. Definition of versatile general MILP formulations for the predictive optimal scheduling of
MES and MEMG . Two alternative formulations are propos&hapter3 presentsa deterministic
formulation of the scheduling problewtealing withforecast uncertainty through the introduction
of reserve constraintsvhile Chagter 4 introduces anore formal and explicit approach to uncer-
tainty based on the Adjustable Robust Optimization theory

2. Comparative performance assessmenéxploring the adoption of the two proposedormula-
tionsfor the optimal managementof real-life systemsVarious architecturesf two-layersEMS
overseeing nominal operation scheduling and-tiesd dispatchare presented in Chaptérand
Chapter6, for three case studies characterized by means of experimental datgstets perfor-
mance is simulated accounting for realistic forecast profileserated according to various fore-
casting techniqueghe actual performancé the proposedormulationsis therefore assessedhen
confronted withthe nondeterministic nature of the scheduling problem inputs

3. Development and numerical assessment aftwo-layersMILP -basedEMS for hybrid off -grid
microgrids. The EMSpresented in Chaptétis developed foactual orfield implementation,
defining a rulebased second layer algorithm that can be implemented on an industric R:-C
sponse filteris introducedin the second layedecoupling high and Iodfrequency net demand
variations andmposingrealistic load rampesn the generatoythe effect othenonlinearvariation
of storage efficiencys function of storage power is astcounted far

4. Formulation of a discrete MILP-based design optimization algorithm for hybrid offgrid mi-
crogrids. The design algorithppresented in Chapt8rand baed on an adaptation of the deter-
ministic optimal scheduling problem formulatiodentifies the optimal design configuration solv-
ing anoptimal design and operation problererthedesign reference periogthile a second level
evaluaesthe actual performanaessociated to thidentified optimal systemarchitectureby simu-
lating systemoperationovertheentiretypical year following a Rolling Horizon approagh

Theproposediefinitions of the deterministidormulationUnit Commitment ad Economic Dispatchrob-
lemarebased on the statd-the-artliterature for MILRbased optimatcheduling models. Several innova-

tive contributions are included in the formulations presented by this thesis. In the case of the deterministic
formulation, the original enhancements include the definition diexible approach to model complex
Multi-Energy Systemsand a discussion @lternative modeling techniques for the identiftainponents
classescompatible with the MILP frameworlbut characterized hyifferent levels ofrepresentativeness

and computational castheAffinely Adjustable Fobust formulation proposedd the thesiswith respect

to the literaturefeatures an advanced definition of the uncertaintytsetaccounting of multiple internal
uncertainty factors, and several ad hoc adjustments that can be impletoeriguice computational time,
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one of the main drawbacks of adopting the robust formulation. Furthermore, an expedient to account for
the recursive contribution of quietart units Without introducing binary recursive variablespioposed
anddiscussedFinally, a thorough critical examination of the limitations and intrimsisrepresentations
associated to the Affinely Adjustable Robust formulation of the scheduling problemussdide by iden-

tifying syntheticcase studiet® highlightlimitationsin theeffectiveness of the recursivebust scheduling
solution

In Chapter5 the adoption of the two MILP formulationgthin two-layers EMSverseeing nominal op-
eration scheduling and reine dispatchs assessedh the case ofystems operating according to a-day
ahead schedulinglanning Different second layeattispatchalgorithmsare proposed and testdthreecase
studiesaredefined an offgrid electric microgrid, ad two gridconnected CHP systenssiHospitala Uni-
versityCampus Multiple system architecturese considered for the CHP systemgloring various com-
bination of flexible and nofiexible units, and thermal storage sizes

In theoff-grid electric microgrid case studesults show howhe robust formulatiors able tdimit renew-

ables curtailmetnandattain both a better nominal and recursive performance with respect to the conserva-
tive deterministic formulationghenthe commitmentlan forgenerators must be planned at the beginning

of the day In this operating modedespite theéntroduction of reserve constrairdad regardless of which
second layer algorithm is adoptetie deterministic formulatiodoes not manage to consisterdlyoid
service interruptions, whilinerobust formulatioralwaysgrants100% service reliabilityln addition, av-

ings attained in the total operating cost are as high as 10% for the robust formulation, as opposed to the
deterministic formulation, for comparable levels of reliability. tAe possibility of introducing redime
commitment changes is ammted for the usefulness of the robust formulation is reduced, as the determin-
istic formulation is able to ensure service continaity slightly lower cost2.7%)than the robust formu-
lation.

In the Hospitalcase stug, reliability is less of an issuer the deterministic formulations adequate re-
serve constraints afatroduced, also in the case of Amdifiable unit commitment plan. Nevertheless,
significant service interruptions are observed in ggerating moddor particularly challengingystem
designslf a simple prioritybased strategy is considered to adjust the dispatch profile defined by the deter-
ministic formulation, following the recursiviecision rulesdentified by the adjustable robust formulation

can ensure minooperational cst reduction (in the order of 1%) for most of the design configurations
explored Introducinga moreadvancedILP-basedsecond layer dispatch algorititiends to uniform the
performance of the two formulationsder both assumptions of fixed and modifiaddenmitmentplan

In the Campus case study, which is characterized by a higher forecast uncen@gibyywery large thermal
storage sizeshe advantage of the robust formulation versus the deterministic formulation complemented
by the prioritybased correction logic ggnificantly higher, with operating cost savings in the order of 4%.
As aconsequence of higher forecast uncertainty, lvitilia is never achieved in any of the considered de-
signs even when significantly increasing the nominal deterministic solution conservativenesgheavhile
robust formulation effectively ensures service continuiyhen accounting forscheduling plan
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modifications, the results obtained for the Hospital are on the other hand confirmed, and the additional
flexibility allows the deterministic formulation tattain lower operating costs and avoid the occurrence of
nonserved thermal energy.

More in general, the analysis developed in Chdptadicates thatesorting to the robust formulation for
nominal dayahead scheduling allows to effectively plantbhenmitment of the unitliminating the need

for reattime modifications to the commitment plan during the rest of theTday.isessential in situations
where reatime adjustments to the commitment plan ameractical or unfeasible, either due to teeh-

nical characteristics of the units or to the nature of the management system (e.g. systems wisitaranual
up of units).Furthermore, the recursivaecision rulesgyield by the robust formulation provide a useful
reference for theealtime managemerof dynamic componentslefining a conservative trajectory that,
although generally suboptimaanserve as useful reference to retime dispatch algorithms in order to
ensure system reliabilitfConversely, n systems where the commitment statusrafsucan beeasily and
rapidly change@ndthe nominal scheduling solution can be readily adjusted to account for the actual sys-
tem evolutionthe deterministic approach proves to be effectivédntifying a less conservatiaad better
performingoperating schedujevhile effectively coping with forecast uncertainty by means of adequately
tuned reserve constrainfBhis is also true for systems featurilagge storage units with high chafdis-
charge efficiency, that can limit the impact of incatneominal scheduling decisions amevide a redun-
dant bufferthat reduces the importance of correct unit commitment planning.

In Chapteré a more challengingasestudyfor the offgrid electric microgrid is definedntroducing the

more uncertaifRESgeneratiorcontribution ofawind farm, andenvisioning the installment of a large size
nonflexible biomasgueled ORC power plant for batead supply. The managemnigsroblem istackled
according to a Rolling Horizon approa@msuring the possibility of updating every three houradinginal
schedulingplan but introducing a delay in the actuation of stggtcommandsvhich depends on the gen-
erator technologyBecase ofthe increased problem uncertainty and of the more realistic assumption on
startup delays the robust formulation proves to attaghevant advantages with respect to the deterministic
formulation,leading to an overall operating cdst.6% lower tha the best performing deterministic for-
mulation ensuring the same service reliabiliiyce again, the analysis confirms théen the capacity of

the system to respond to forecast errors is reduced, even more so as the forecastsvamsaethe
detgministic formulation is not effective in identifying cestfective and reliable scheduling solutions,
while the robust formulatiorin virtue of the explicit accounting of recursive dispatch corrections and of
the feasibility guarantee over the uncetiaispacemanages to combine adequate solution conservative-
ness while limiting the impact on the operating coSimulations also show how the Rolling Horizon
approachcan be beneficial to thientification ofdecision rules whi ch are fireset o at
solution instance and do not have to accounivide combinations of concatenated forecast errors, which
due to the feasibility requirement over any potential scenario falling within the uncertainty set tend to limi
the optimality of recursive policiga timesteps farther from the initial solution timéhe extensive simu-
lation campaigns alstiemonstrated hovespecially in systems characterized by significant uncertainty, the
RH approacltan preserve di effectivess ofpredictive management optimizatiomhile limiting to day
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ahead optimizatioreven more so ifinit commitment adjustmenli&e the one described in the Modifiable
Unit Commitment operating modes depicted in Chapsme not implemented.

The deterministic formulation is still uséa Chapter7 to propose a twdayerspredicive EMS (P-EMS)

for practical implementation in the control systensobSahararoff-grid hybrid microgridsin virtue of

its higher modeling flexibilitythat allows to account for ndmearities)andvery good performancghen
forecast uncertainty isnhited. The EMS is based on the interaction of an upper MiaBed level with a
rule-based seconlével suitable for direct implementation on a Programmable Logic Controller. Its perfor-
mance is evaluated according to numerical simulations down to theendémporal resolutioon a real

life case studynd compared witl heuristic management systéthEMS) developed bythe industrial
partner operatinghe systemResults show howif the current system design is consideted,two man-
agement algorithms attain a similar performance, witbduction in fuel consumption granted by e
EMS of only about1%. As potential modifications to the system design are considanexmarkale dif-
ference is observed between the two algoritlaimg the optimal system configuration associated to the
deployment of thd>-EMS scores an overall cost which is 6.5% lower than for teVt$, while at the
same time reducing diesel consumption by 2B%ults confirm howadopting MILRbased formal sched-
uling optimization can have a significant impact in reducing cost$nenelasing penetration from renew-
able sources, allowing fa@n effective commitment of generation resources fandhe strategic manaa
ment ofbatteriego anticipate thevailability of RES generation, limitingEScurtailment and maximizing
the added value of storage systems.

Finally, an innovative MILFbased design algorithm based on an adaptation of the deternfinistida-
tion of the scheduling problem is proposed in Chagtand compared with a heuristic algoritdeveloped
at MIT. Thetwo algorithns are evaluated for the design of a langenber of microgridsanging different
electrical sizes, in the context fgional electrification of a suBaharan African regioWith respect to
the heuristic approach, the MIlfaised algorithm proves to be effective both in reducing,quastcularly
in larger systems that feature a dispatchable generator, assegtatatre complex ashflexible schedul-
ing. Once againn addition to remarkable cost reductioresorting to MILP optimization alsallows to
attainhigher penetration fra RES as well as increasingervice reliabilityfor off-grid customers.

9.1 Future works

Future developments dfiis doctoral thesigvolve both the experimental testing of theposed algo-
rithms, as well as methodological improvements toogbtémal problen definition and solution.

Specifically,the Laboratory of MicrogridgL09] was inauguratedn September 2018 the Politecnico di
Milano Energy DepartmeniThe experimental facilitgurrently features two 25 kWPV arrays, a 25 kKW

CHP natural gas engina,6 kW water purifier,a recharge station falectric cars and electric bikemd

will be furtherexpanded within 2019 includiragdtional thermal generation and storage units (two 6 kW
electric heat pumps arad50L thermal storagean additional PV fieldAn improved version of the algo-
rithm presented in Chapt@rincluding in the management problem the optimal scheduling of the water
purifier has already been implemented in the microgrid PLC,aanexperimental campaign is currently
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undergoing texpeimentally validate the numerical resuétsd continue the comparison with more tradi-
tional approaches to system management.

The solution approach pursued in this thesis for the AARO problem formulation highlighted how the in-
clusion of recursive binary viables has the potentiaf significantly increasg the performance of the
formulation, overcoming the modeling limitatiohighlighted forthe current formulatiorand allowing for

the definitionof more performinglecision ruleswhich couldpotentiallyserve as an increasingly precise
reference for redime system dispatch. To do so, it is necessaghtmge the solution approach to the
problem, renouncing to the definition of the tractable reformulation of the robust counterpart and resorting
to cuting planes algorithms for the solution of the prohl@ihe formulation improvements proposed in

this work to limit computational time can still be very effectivecounterbalancing the computational
complexity that a more advanced formulation of the rgearproblem will inevitably imply.

Finally, exploring the thir@ption of MILP-based scheduling problem formulation represented by stochas-
tic optimization isnecessary to complete the evaluatiomethodological instruments to tackle predictive
scheduling optimization accounting for forecast uncertai@pchastic optimizatiohas been investigated

by the research group in the werlame of design optimizatiof110], and activities of the MGL are cur-
rently focusing on the developmentafpredictivesecond layer for the retime experimental microgrid
control accordingo stochastic Model Predictive Control (MPC) theory.
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