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Executive Summary

The increasingcomplexity of diverse lonterm uncertaintiessurroundingenergy system
planning requires exploring and developingnnovative algorithmic and computational
methodologies. These approachesist aim to determine infrastructure investmeniplans
that are not only coseffective and less risky but also flexibEnoughto cope with an
uncertain evolution of the system.

2 AGKAY GKAA O2yGSEGZ (KA& &dGPISesgafch roa@imdp,O n =
exploresand analyseshe benefits of adaptive planning methodologies for energy systems.

The research assesses the impacts of integrating flexible technologies in the planning
problem,including distributed energy resources (DER) and hydrogkted infrastructure.

The primary focusf this projectliesin identifying methods and technologies to address long

term uncertainties, mitigate risks, promote robust investment decisions, and enhance system
resilience against infrastructure outages and extreme evenite core objectivethat have

been addressed during the project and the key relevant activities and outcomes are the
following:

A. Analysing relevant techniques for selecting representative periods in power system
planning studies.
1 A comprehensive literature review was conductectalyse and categ@? suitable
techniques metrics, and new practicefr selecting representative periodsin
planning studies.
1 The surveyunderscoredthe importance of a granular temporal and spatial
representation to appropriately value flexible technologies and the need for-intra
and interday period representations to assess and determine the need for energy
storage with increased accuracy.
1 It was highlighted that a suite of metrics (dataven, economic, and operational) is
critical for theselection2 ¥ NBLINBaSy dlF A S LISNA2Rax | &
SPSy¢ ydzYoSN) 2F &St SO0USR LISNA2Ra FTNRY
investment portfolios are obtained at the cost of increasing the computational
burden.
B. Identifying and quantifying the value of the operational flexibility that DER and hydrogen
infrastructure could provide in deferring largeale investments under uncertainty.

1 The research involvedollecting data and developing analytical mathematical
models to assess the impacisid potential benefitsof the flexibility provided by
distributed energy resources and hydrogen infrastructareinvestment portfolios
when planning under uncertainty.

1 Leveraging the coordination d¢lfhe operation offlexible DER through a stochastic
planning approach could effectively reduce the need for new |l=gae
infrastructure while increasing the robustness of investment portfolios across
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multiple scenarios that consider different levels of DER integration. These findings
underpin the tangible benefits a widespreagerationalcoordination of DER could
have in energy systems planning.

1 The orchestration of DEROt onlycanproduce economic savings for the most likely
scenarios but also sers@s a proactive means to hedge against riskier scenarios,
significantly reducing the spread tbfe distribution of future uncertain costs.

1 Infrastructure such as pipelines and hydrogen storag@ engenderincreased
flexibility in integrating electricithydrogen systems These allow greater
accommodation of renewables, reducing overall cpsied even replacing or
delaying the deployment da#lectricitytransmission infrastructure.

C. Modelling and assessing the potential benefits of integrated electtgitiogen
infrastructure planning.

1 As electricityhydrogen systemsouldbecome increasingly integrated, this research
proposesa modeling frameworkdetailed in Sectiod.2, to ensure accurate analysis
of the complex interactions and tradsffs between the relevant largescale
infrastructures This frameworkserves as a foundatiofor longterm planning
potentially avoidingthe risks of overor underestimating flexibility capabilitiesf
different technologies

1 Techneeconomic assessments under laigmale hydrogen export scenario were
performed to evaluate the potential role of hydrogen pipelines in providing an
alternative means of energy transpatrosshe system complementing electricity
transmission infrastructurédnder the cost and technical assumptions in this work,
findings suggest thathydrogen pipelinesare more cost effective tharelectricity
transmission linegor transporing energy in the form of hydrogefor large-scale
export, manifesting in decreasecurtailment fromrenewable energgources.

1 Hydrogen pipelinebave the potentiato provide operational flexibility to the system
through potential active management otheir inherent storage capability, also
known aslinepack By buffering the variability of RESxcess renewable energyan
be stored aslinepackin the form of hydrogen in the pipelines and then utilised to
meet hydrogen targets during periods of high demamdhich provides additional
operational benefits to the system

1 Planning undeuncertainty, through stochastic planningeveak that, compared to
a deterministic approachproactive electricity transmission investmentsould be
neededto meet increased electricity demand driven by hydrogen productiiso,
the flexible stochastic plamghlightedreduced costs and improved hedging against
the economiaisksof the potential unfoldng of the most expensive scenari(ibese
correspond toscenario pathsll, 13 and l14which presentthe most transitions
between different scenarios, for instanc#ransitioning from Step Change or
Progressive Change to Hydrogen Superpowéater stagescompared tothe plan
produced with adeterministic approach In terms of futureon planning under
uncertainty, the potential for proactive hydrogen pipeline investmemegds to be
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assessedThis requires incorporating explicit pipeline modeling withimstochastic
framework in further developments.
D. Quantifying the resilience benefits that flexible technologies could provide agghst
impact,low-probability events, including dunkelflaute periods and outages of generators
and interconnectors.

1 Research to achieve this objective involved reviewihg definitions of low
probability events in different systems arahalysinghistorical data to quantify
potential risksof infrastructure outages and weatheelated events.

1 The value of flexible technologies like DER is further highlighted when low
probability events are considered in planni@ychestrated DER reduce the need to
reinforce the grid through capitahtensive investments.

1 Sector couplingiahydrogen productiorcanallow the flexibility of hydrogen storage
infrastructure to be harnessed to store surplus renewable energy, reducing the
dependency of the electricity system when faced with periods of high stress. These
capabilities provide greater resilience, reducings taconomic impact of various
events and promoting proactive infrastructurevestments

A. Selection of representative periodf®r planningstudies

Power system planners employ capacity expansion models to determine the optimal
investment portfolios for largecale infrastructure. In this regard, it is important to accurately
represent the operation of power systems to avoid distorting the potentehddits and
requirements of integrating high levels @friable renewable energy (VRE) and flexible
technologiessuch as energgtorage, distributed energy resources (DER), and hydrogen
infrastructurein longterm decisionmaking

However, incorporating highesolution operational models into loAgrm planning tools can
posesignificant challengeas these tools become more daitstensive and computationally
complex As a solution, planners emplgy NG LINB & Sy (i | subdselsSof dais KofteR R & £ =
coveringdays or weeks) intended teepresent with relatively good accuracy an extended
planning horizon with a lower computational burdeNevertheless,defining the most
appropriate way to select these periods remains a challenge taat be addressed in
different ways Recent advancements itlassificationmachine learningand optimisation
techniques offer sophisticated method®r selecting representative periodsiming to
increasethe efficiencyof planning studies

As part of this research, aurvey was performed to analyse and categorisaitable
technigues, metrics, and new practices feelectingrepresentative periods in planning
studies The review delved into the impact of time resolution on capacity expansion models,
particularly comparing representativ@erating points, days, and weeks. Following the same
approach, metrics to evaluate the selection of representative periods were categorised into
time-seriesbased, operational, and economighich are presented iBection2.1.2
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Finally, approaches followed in the literature to determine representative periods were
reviewed. Two main research streams were identified: clustel@gpd classification
algorithms (Section 2.2.2 and optimisation problems(Section 2.2.3 to approximate
representative periods through load duration cusvedn addition, a growing trend was
identified to employ new methods based on machine learning, such as autoendSeetson
2.2.4.

The key outcomes and findings emerging from this survey are the following:

1 The selection of representative periods aims to determine the best possible dataset
to represent a power system's operation efficientlgv8ral techniques exist to help
plannersbalancethe necessary operational detail and the associated computational
burden.The review alsbighlightsthat planners should actively seek the balance point
where additional representative periods yield only marginal changes in decision
makingsolutionswhile unnecessarily increasing computational complexity

1 Capturing the value of dispatchable generation, energy storage, and other flexible
technologies requires high temporal resolutidRepresentative weeks emerge as a
adequateapproach, offering both efficiencyirqiting the number of time slices) and
accuracyfreserving crucial intraday and interday operational patterns).

1 Deliberately incorporating representative periods that consider extreme events and
system stress into the planning problem could reveal an increased value of the
operational flexibilitypertinenttechnologies could provide. Studies also show that the
investment in largescale transmission lines could be highly driven by a small subset
of peak hours or higlsongestion events.

1 A suite of metrics toassess selected representative periogencompassing time
series behaviour, operational results, and economic indicgtazeuld provide
planners with richer insightsompared tarelying only on the aggregated load duration
curve as a comparison approach when performing the selection of representative
periods.

In summary, ahorough selection of representative periods is crucial for accurate power
system planning result§ hisselection should ensuréhat modelscan adequately assefise
value of flexibility as energy systenimsegrate different technologiesTre surveyconducted

in Section2 emphasised the need fanodek with hightemporalresolutionto ensure more
accuratenvestment decisionst described clusteringand optimisationbasedtechniquedor

a more informed and effective selectionf representative periodsMoreover, lalancinga
granular operational representationith a reasonableomputationalburdenremainskey to
achieving more accurate, comprehensive, and less risky investolemingresults

Finally asuncertaintyin energy systemss increasingplanning problemsre becoming even
more complex(e.g., stochastic optimisation)n this contextdecisionmakerssuch asthe
Australian Energy Market OperatoAEMQ needto consider theselecton of a subset of
periods thatallows foran adequate representation of energy system operatiorreduce
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computational burden Neverthelessindependent ofthe adopted methodology to select
representative periodge.g., clustering, optimisation, or machine learnindpey must be

carefully selectedby employingrelevant metrics such agtotal costs ¢ompared to the full
period to be representd) and net load duration curve (NLD@s well as includéemporal

and spatial granularitygnd extreme eventghat may have aubstantialimpact in the future
development of the system, avoidimxtensive input datasets that maynly unlockmarginal

benefits and/or changes in investmeportfolios.

B. The impact of dstributed energy resources planning undemuncertainty

The integration and increased penetration of DER into power systems, particularly in
Australia, is posing substantial challenges in terms of system operation and planning. One of
the reasons for these challenges is that the decisions of deploying DE&nbeicentralised,

are subject to significant and deep uncertainties. Moreover, there is uncertainty regarding
the capacity and location of new distributed assets (e.g., distributed energy storage, flexible
appliances, industrial loads, among others), lasvan in Figure0.1 and Figure0.2. Further

open questions refer to the flexibility that DER could provide for different purposes to support
system operation and developments, the level of DER orchestration that would be required
to do so and the ability to achieve such levels of orchéistnaand finally the costs associated
with DER orchestrated deployment. Desplies complexity, DEBearlyhave great potential

to be centrally aggregated amaffer enhanced operationallexibility to the system, which
must be carefullyassessedvhen integratednto longterm planning studies.

Trends for distributed energy resources in the NEM
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Figure0.1 Trends for the deployment of distributed energy resources and expected total yearly demand in the NEM.
Elaborated fronf1].
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Expected capacity of DER - Step Change scenario
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Figure0.2 Statewide expected installed capacity of distributed energy resources in the NEM, Step Change scenario.
Elaborated fronf1].

In particularthe increased operational flexibilifyom DERexpected in future scenarios one

of the reasons why this research seeks to determine the impact of their deployment on large
scale infrastructure investment decisioms.particular, he operationalflexibility provided by
DERcouldenableenhancedenergy shiftingandtherebyunlockng latent capacity of existing
transmission assetsinfluencing investment decision®\lso, requirements for additional
network capacity could be replaced BER gaable of performingarbitrage to supply local
demand.

Aliterature review d the current practices and approachaddressinghe integration o DER

was conductedn Section3.1to provide a broader understanding regarditige impacts and
potential benefitsthese technologies could have on tlegpansion planningroblem The
reviewshowsthat technologies capable of providifigxibility, such as distributed generation

and storage, electric vehicles, and controllable loads, can be aggregated and coordinated to
provide different services to the systerfhis flexibilitycouldbe a key enabler for integrating
higher levels of renewable energy while supporting system operapiotentially reducing

total expectedcosts.

The increasing penetration of DER also requiaggpropriate planning methodologies to
account for their impactind surrounding uncertainties tproperly unlock theirpotential

value Existingapproacheshave shownthat flexible DER can reduce or defer the need for
transmission network investmentsHowever, new developments should account for
uncertainiesconcerning multiple parameters to avoid over underestimating the impact

of DER flexibility on investment decisions and reduce the scepticism regarding investment in
capitatintensive largescale asset Examples aheseuncertain parameters includdemand
growth, VRE deployment, fuel and investment cpatsd DERdoption

To address teése challengesthe work carried outin this research projecoutlined the
methodological steps and data requirements for including DER in the planning problem under
uncertainty through an approach based on stochastic optimisation and scenario (ases
detailed inFigure0.3). In particular, he modelling of DERexplained in Sectio8.2, aims to
representflexible and inflexible exchanges$ power (optimised through an aggregator or as
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fixed profiles) different services such as load shiftargoad reduction (peak shavingks well
asphysical behaviours of flexible loatlsoughthe payback effect.
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Figure0.3 General approach for including DER in the planning problem under uncertainty.

The studies conducted for this part of the research were based on data made available by the
AEMO for its 2022 Integrated System RIEBP]1], [2]. A 20year horizon was analysed, with
particular attention to the impact of distributed energy resources onitivestmentdecisions

of the expansion planning problem. The scenario taed the corresponding deterministic
scenariosused forthis, as well as the following parts of the researcre based on the
scenarios originally modelled by AENK2eFigure0.4). However, it is important to mention

that this research aim not todirectly compare with the ISP resultsit rather to analyse
alternative features, methodologies, apdoducevaluableinsights fordecision makers

The input data consideredll the existing lines across the transmission corridard 34
candidate transmission options from the ISP to determine the optimal portfolio of
investments across the NEM. In addition, the parameters associated with the generation and
storage fleet were obtained from theutcomes of thdSP[1]. In termsof representing DER

in the planning problemthe data collection consideredthe deploymentand expected
capacitiesof non-aggregatedand aggregateddistributed energy storagend demandside
participation (DSP).
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Figure0.4 Stochastic multstage scenaritree, deterministicscenarie and candidate options.
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Key findings of the studies encompassing DER in planning under uncertainty hitjtdighe
orchestration of DER offers significant potent@mleverag the future flexibility available in
the demand siddo reducetotal expectedsystemcostsup to 15% as shown irFigure0.5.
This figure features thdistribution system costacross multiple scenarider two cases that
compare the potential benefits associated to the orchestration of [&®e of non
orchestrated versus orchestrated DERjachdot shown in the figure corresponds the pair
(cost, probability) associated to each scenario under analgsisordingly numbered in the
figure), building the probability distribution of costs shown in the figure

Notahly, theoutcomes of the studies underscore that increaseaperational flexibilityfrom
DERcould decrease not only operational costs but also investment costs due to the
displacement or deferral of investments in largeale infrastructure.This change in
investmentpathsis key as it capreventthe emergence of stranded assefsarticularly
transmission lines) in the system

Cumulative probability distribution of total costs - Investment in transmission
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Figure0.5 Distribution of total costs for each scenaaissessing the valua the orchestration of DER.

Another important resultof the researctshows that the orchestration of DER could play a
AAIAYATFTAOFY O NRES Ay YL Nota@yitsignificamtlphedgésagaBst Q &
the outcomes of theworst-case scenarios in terms of their associatexbts (as shown in
Figure0.6). The analysis underscores that even without an explicit risk metric (e.g., a measure
of tail risk such as Conditional Value at Ri€kvaR) in the formulation of the stochastic
planning problem, enabling the controllability of DER could reduce the expected cost of the
riskiest scenarios.

1 The reader may refer to thiinal reportof previous research stag&tage #2f Topic 4 Planning {®4], where
an indepth assessment of CVaR in stochastic planningcasducted

10
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a) Non coordinated DER b) Non coordinated DER c) Orchestrated DER d) Orchestrated DER
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Figure0.6 Cost of the five worgperforming scenarios for each case and the corresponding-@5%4R

Fnally,an important conclusion regarding the impact of DER on investplansis thatwhen
uncertainties are explicitly modelled (through stochastic planniag)ncreased value of the
orchestration of DER could be unlocked this regard, the orchestration of DER provides
more certainty and robustness for thevestmentpathsof transmissionines As shown in
Figure0.7 (b), the probability distribution of investments is significantly steadier for different
levels of capacity investment, providing greater certainty regarding future investments. From
another point of view, this behaviour underpins that even under an uncertaturé, the
orchestration of DER could bridge the gap between multiple unfolding scenarios, reaching a

common path for investments in laregeale infrastructure.
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Figure0.7 Probability distribution of investment the capacity of transmission lingstochastic model.

Fnally, the results of this research hosignificant implications for policymakerbecause
focused policy investments have the potential to fully unlock the value of BfEguantifying

the potential longterm savings achievable through DER orchestration, policymakers can
strategically allocate these savings as a budget to drive targeted policy development. This
might include initiatives to accelerate DER deployment, esttation infrastructure,
advanced information and control technologies (ICT), dedicated systems foactive

network managerant.
C. The ole of hydrogen infrastructurén energy system planning

11
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The global and national drive towardscarbonisingenergysystems anachievingnet-zero
emissiontargets requires the emergence of clean fuels to replagmissionintensve energy
vectors In recent years, green hydrogen has positioned itself as a valt#egy carriefin
several parts of the world, including Australighich is projecting substantial hydrogen
demand for local consumption and export inlaag-term planning scenarios (sé¢egure0.8).
Moreover, hydrogen not onlgresentsan opportunity as aersatileclean fuelon its ownbut
alsothrough the benefits of the potential flexibility dffs productiontechnologyfor electric
power systemgdue to the stronglinkage between electrolysis (the process of producing
hydrogenfrom electricity)andthe electricity grid

Projected yearly H, demand in Australia
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I Progressive Change - Domestic
3.2 - I Step Change - Domestic
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[ H, Superpower - Export

24

1.6

1.41
1.26
0.8 0.67
0.43
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Hydrogen demand (Mt)

Figure0.8 Projected yearly hydrogen demand for domestinsumptiorand export in Australia. Elaborated frdf.

Although, at first glancethe provision of flexibilitymay notbe the primary objective othe
production ofhydrogenvia electrolysisthe integration of the infrastructure required fats
production can mean a significant increase in operational flexibditythe integrated
electricity-hydrogen systendue to the opportunity to harness excess renewable energy to
be stored in the form ohydrogen. Furthermore, hydrogen production can behave as a
flexible electric loadenabled by shorterm storage, for example in the form of tanks or via
deploying pipeline linepack), while longéuration storage (e.g., in the form of underground
storage) could provide seasonal energy storage capabilities to both power and hydrogen
systems.In this way,under a scenario of massive hydrogen demdady. the Hydrogen

{ dzLJISN1J2 6 SNJ & OSy I NKP, largebcale mydregen!infrastrufuieould peta
potential alternative to the deployment dfaditional electricity systemassetsuch as battery
energy storage systems(BESS) and transmission lines, htutthe same time a systemic
challenge due to the need to significantly increase production ofcleanenergyandto
enhance thecapabilitiesof the systento accommodateenewables.

Proper integration of hydrogen infrastructure with the electricity system to take advantage
of the flexibility provision from the coupling sector requires careful and detalealysis
These assessments must be carried out in planning mtasigrerobust enough to consider
these important interactiondo avoid undefr or overestimating the abilities olpecific
infrastructuresin providingenhanced operationaflexibility. Against this backgroundhis

12
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research preser a comprehensive framework for modelling electricity-hydrogen
infrastructure into the longerm planning problem (SeEigure0.9). This modelling allows
performing a broad set of studieso assesshe impact of the integration of hydrogen
electricity ystems ad to determine investments in different types of infrastructure required
to meethydrogendemandtargets.
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Figure0.9 General structure of the integrated electriellydrogen planningroblem.Further detail of the modelling can be
found in Sectiod.2

The research delveinto the modellingdetail and data requirements for different hydrogen
systeminfrastructures such as electrolysers, pipelines, amgbrogenstorage systems (such

as tanks and underground storage), providing a general understanding of a detailed but
computationally efficient approach to adequately characterisestassetsin the planning
problem, both in terms of modkhgand parameters required for an adequassessmendf
different technologiesas exemplified ikigure0.10for hydrogen electrolysers and pipelines

@ Electricity node (regional reference nodes)
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O H, domestic nade (near regional reference nodes)
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Figure0.10 lllustration of modelling of integrated electricity hydrogen infrastructure (pipelinesbaudrolysers).

Different case studies are carried out to assess, from a teeguamomic perspective, the
impacts and flexibility of sectaroupling technologies on the planning problem. In particular,
the studies aim to answer whether hydrogen pipelines could replaceptmment, or defer
investments in the traditional electricity transmission system and the different ways greater
operational flexibility in hydrogen production could impact the deployment of transmission

13
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infrastructure. Furthermore, this work investigates how lgegm uncertainties impact
decisionmaking regarding the deployment of the optimal infrastructure. To this end, two
streams of analysis are considered: i) regional studies in Queensland to det¢h® merits
of hydrogen pipelines as additional transport and storage infrastructure options alongside
other infrastructure options (the system model utilised for these purposes is shown in Figure
0.11), and ii) NEMvide studies to analyse the impact @dnsidering londerm uncertainties
across multiple scenarios and an increased electricity demand (for hydrogen production) on
the deployment of electricity transmission infrastructure.
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o

Figure0.11 System model employed for thegionalcasestudies of electricithydrogen infrastructurén Queensland

Under the cost and technical assumptiomsade forthis work which are detailed in Section
4.3 the findings othe regional case studiesnducted in Queensland suggest that producing
hydrogen locally in renewable energy zones (REZs) and transporting it via hydrogen pipelines
to demand andargescale hydrogerexport locations is a cosffectivesolutionto maximise
hydrogen exports inunder the Hydrogen Superpower scenario in AEMO 2022 IISP
particular,opportunity benefitsup to 2.7 billioncan be reached through the deployment of
pipeline options with lengths around 300 km and diameters d60n and 065 m. These
infrastructure options areypicallyselectedby the modelover electricity transmission lines
to transport energy in the form of hydrogeftom REZ to largescale hydrogerexport
locationsin Queenslandas presented ifFigure0.12). This is explained due to threlatively
lower investment cost of hydrogen pipeliavith additional installed electrolyserso(
accommodate the extra energy required for charging the linepaokipared to electricity
lines with additional BES$hvestment to meet hydrogen targets while with the storaige
buffer the variability of REMore information on cost analysisetweenhydrogen pipelines

14
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and electricity lines with storage options can refer to previous wor[3. These findings
highlight that hydrogen pipelinesre more cost effective fotransporting energy in the form
of hydrogerproduced in REZs largescale export locationgomplementing the existing and
augmented electricityinfrastructuresfor electric load which in a way to maximise the
hydrogen export Overall, thes findingssuggest that forthe envisaged developments of
large-scale hydrogenexports hydrogen pipelines may merit consideration alongside
electricity corridors to achieve an overall cadficient wholesystem planning.

—— 9EA XD FOINRIOREEA 2 sy, LOMYSEaA y § A BosafirSyyvia @ iovisyaiann orde yerRSa@nérNeasy yymsy
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Figure0.12 Optimal investments in electricityydrogen infrastructure, Queensland. Years 2027, 2032, 2037.

The operational analysis of hydrogen infrastructure also showcased the enhanced storage
capabilities pipelines could bring to an integrated electribiygrogen system. As seen in
Figure 0.13, managing the linepacin pipelines enables accommodatingxcessVRE by
converting tohydrogenand storing as pressurised hydrogen in the pipelifiee linepack
profile in Figure0.13 shows that all three selected pipelines could accommodate up to 67
GWh, equivalent td4.1 hours of storagéor an average hydrogen demand of 4.8 GWe
transport and storage capability of pipelines provides additional operational benefits to the
system, enhancing system reliability.

Linepack (T))

aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa

0
2037 Time (half-hour)

Figure0.13 Profile oftotal aggregatedinepack in the three pipelinehosen by the model
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Regarding the studies of integrated electricllydrogen under uncertaingy;, the flexible
multi-stage stochastic expansion plan prowsdan initial high-level assessment of the
potential impacts and changes on the electricity transmission development. pEtle
modellingconsides longterm uncertainties(VRE availabilityetirement of coalgeneration
DER deploymentjogether with an increased electricity demand due to hydrogen production
via electrolysisin the studies, the model decides the most optimal investment in terms of
location and installed capacity for the electrolysis facilities to meet the hydrogen demand
targets for export(a single systemvide demand) and local consumption (demands for each
state). In additionthe modelling considersivestmensin transmission lines to analyse how
an increased electricity demand from electrolysould impact the deployment of
transmission lines.
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Figure0.14 Optimal investment paths for the NEM in the hydrogen superpower scenario employflexible multistage
stochastic planning modeCasgA)does not considehe electricity demand for hydroge(B) includes thelectricity
demand to produce hydrogesia electrolysis

The results inFigure0.14 show the decisions of investing in new transmission lines and
buildingelectrolysis stationsvhen using the stochastic planning modi@ cases (A) without
hydrogen productionand (B) with hydrogen productioffor domestic consumption and
export). In terms of installed electrolysis statiof@r export, resultsin case (Byhow that

2 Thesestudies did not consider hydrogen pipelines in the modellirgither as existing assets nor as investment
options) because their integration in the stochastic planning probtinamatically increases the already high
computational complexity. This featurecurrentlyunder developmenby the UoM team
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Central North Queensland, South Austrakad Tasmania could be the locations with the
highest renewable energy potential fdheir installation This outcome stems from the
expectation that these zones are candidates iimstaling considerably higher renewable
energy capacity relative to their pealemand Regardinghe development of the electricity
transmission system, the flexible stochastic planning model shows that due to an increased
electricity demand for electrolysis, anticipatory, proactive investments could be required to
meet the demand targets. In partiar, as shown ifrigure0.14 , the number of transmission
lines available in thgear 2027n all scenario§i.e., theinvestmentdecisions made in the firs
stage the year 2022goesfrom three (adding up ta2,440 MW)in case (A)o seven(adding

up to 8,120 MW)n case (B)This underscores the impact an increased electricity demand
from sector coupling could have on tlearly decisions maddor the investments onthe
electricity system.

However when a deterministic model is bestowed with the consideration of hydrogen
demand, the early development of the transmission systexwen in the scenario with most
hydrogen demand(Hydrogen Superpower scenarigppears to be underestimated
(compared to the investments in transmission lines made using the stochastic rm e

a future with uncertaintieswith only fivelines (adding up to 6,700 MWpstalled towards
2027 (i.e., the decision made in the first stage shown irrigure0.15.
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Figure0.15 Optimal investment path for the NEM in the hydrogen superpower scesaitoying a deterministic planning
model.

This underestimationn the installation of new transmission lines can be corroborated by
testing the portfolio resulting from the deterministic model for the hydrogen superpower
scenario against all scenarios modelled in the stochastic scenaridtresds justified because
the scenario tree representation of the futue®ntains a richer and moreomprehensive
depictionof possible future scenarioBigure0.16 compares thecosts for each scenarehen

the optimal investment portfoliofor the HydrogenSuperpower scenari@btained with each
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approach (stochastic and deterministig) fixed to simulate the operation of all thather
scenariosin the tree It is important to note that the deterministic model identified an
investment path with a $1.9 billion higher expected cost than the stochastic approach and
with a worse performance on the scenarios with timghest cost(see the right of the
probability distribution) This illustrates how a stochastic, uncertatatyare planning
approach could proactively reveal required investments aimdultaneouslyhedge against

the risk of the unfold of the most expensive scenavitile reducingtotal expectedcosts and
providing amuch cohesive perspective across multiplausiblefutures.
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Figure0.16 Cumulative probability distribution of costdhen simulating all scenariad the tree using the infrastructure
decided for the drogenSuperpower scenarisvhen using stochastic and deterministic planning.

D. Modelling of credibleoutagesand system resilienc@ planning

The escalating threat and impact of disruptive evepgsticularlyhighrimpact lowprobability
(HILP)events weatherrelated events and outages of different types of infrastructure
underscores the critical need to incorporate and explicitly account for these disruptions into
longterm power system planning. Moreover, the rising frequencycadible and non
credible incidentsin energy systemsdemands careful assessment, recognising the
importance of these highly stochastic evenffhe research carried out involgsethe
application of methodologies for thengorporation of extreme events in planning under
uncertainty through scenario trees to assess the impact of events of low likelibnod
investment portfolios. Moreover, the research explored the options of strengthening the
network or leveraging flexibility from different technologies (e.g., distributed energy
resources or sectecoupling) to mitigate the impact of periods with high systetress.

Within this context, accurately classifying power system events as "credible" or "non
credible" poses a complex challenge with maique approach osolution. Each system's
unique geography, climate, and demographics influence the likelihood and impact of
potential disruptions. A comprehensive review of approacle®pted across different
jurisdictions presented in Sectiob.1highlighted the importance of continuous evaluation as
climate change intensifies. Within Australia's National Electricity Market (Ng&hned
transmissioroutages can pose a neregligible risk to maintaining continuous power transfer
between generation and load centres. For further modelling purposes, an analysis of AEMO's
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"PlannedHigh Impact Outagesiataba®, detailed in Sectiob.1.2revealed the expected
frequency and duration of such planned outages across key interconnectors, offering valuable
data to increase the accuracy in representing "credible” events within planning studies as
showcased irfFigure0.17.
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Figure0.17 Number and duration of planned higimpact outages in the NEM. Period October 2038ptember 2024

The studies employed a flexible methodological approach based on scenario ttvees
represent extreme events the planning problem.fe approaci{summarised ifrigure0.18)
carefully modelghe nature and probability of diverse events, particularly emphasisiiig?
occurrences. Extreme events are incorporated as distinct representative periods within the
scenario tree, weighted by their likelihood of occurrendeput data is systematically
modified to reflect conditions such as increased demand, reduced renewable generation, or
alterations in thesystem's architecturelue to differentinfrastructure outages, as shown
Figure0.19.
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Figure0.18 Example of representation of different events (e.g., Maintenance of interconnectors and HILP events) through
the multistage scenario tree for the stochastic planning problem.

This modelling enables thesimulation of operational stressesand disruptionssuch as
interconnector outages, generator deratings and increased peak demfawmilitating a
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comprehensive analysis of potential vulnerabilitieh as networkutagescongestions and
unserved energyand the identification of proactive measuresregarding deploying new
infrastructure or leveraging flexible assdtsenhance system resiliendbrough longterm
planning Overall,the outcomes of such modellingan help policy makers decide which
planningmeasures are the mostompellingin terms of protection and reinforcement of the
system against high impact, low probability evemistages,or other disruptions.

Example original profiles and HILP event modelling
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Figure0.19 lllustrative epresentation of the modelling of the impact of HILP events on demand and generation profiles
(sourced from the IS the state of Victoria, year 2027

Various case studies were conducted to showcase and analyse the impact of resilience
considerations in longerm energy system planning through the methodological steps
described. The results show how incorporating extreme events into the stochastic gannin
problemreveals the need for anticipatory reinforcements in the transmission netwOtker

cases underscoran enhanced value of distributed energy resources in mitigating the impact
of such disruptive periods.

| @RNR3ASY

{{d.$SYNILBERS2S N

% 19 Node §

on & CpenSveathiso & Wopten & OpenSrestiiso & Masban © CpensStestion € Wapeen © CpenSestitao

HNHH HAHT HNOH HNOT

HAOHH HAHT HAOH HAOT

Figure0.20 Investment portfolios resulting from including HILP eventsimfindstructure outagedn the planningoroblem

Additionally, greater flexibility is recognised in the investment decisions made through
stochastic planning due to increased proactive investments, especially in determining early
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reinforcements of interconnections (se@ exampleof thisin Figure0.20, where the second
row 1 the case considering the impact of HILP evantkighlights the early deployment of
transmission lines across two different scenarios, compared to the first row which only
accounts for average operational conditions where feweestments are deployed in the
first stagg, hedging against the risks posed by potential disruptive evemtslifferent
scenarioswhile achieving good performance on operational costsreover, the investment
flexibility provided by the stochastic portfolio generated in the first stage (which becomes
available in 2027) allows each scenario in later stages (2032 and 2037) to develop the
transmission system according to its needs. Tlghlights the ability of an uncertairigware
approach to make decisiomisat will be appropriate for multiple future scenarios and not just
one specific one, as is done in a deterministic approach.

The operational coordination of DER could be a key source of flexibilitynfaigating the
economic impacts of infrastructure outages and extreme evemtgough srvices that
provide flexibility to the systensuch as energy arbitrage and peak shaving, an enhanced
operation of the system in terms of cost couldreached.In this veinFigure0.21, compares

the cost of each scenari@xpected cost, and tail cost (5% worst scenardos}wo cases
considering HILP evendsd different conditions on the coordination &fERFrom this it is
possible to conclude thathe ability of coordinated DER to dynamically modify demand
patterns and alleviate congestion could lead to lower expected castsss a broad set of
scenariosndto areducedoverall riskn terms of the expected most expensive scenaria (
risk).

This result is evidenced through reductions of up to 12% in the expected costs of the 5%
riskiest (most expensivekcenarios in cases considering infrastructure outages and HILP
events.Moreover,the value of the DER is accentuated under these extreme conditions since
its coordination allows a 9% reduction of the CVaR under normal conditiocr&asingto

12% when disruptive events are also consider€dus, his ability to reduce the risk of
increased co for the systemin the face of possible multiple scenariosuld open the
opportunity to promote policies that allow greater coordination and aggregation of DER
through appropriate technologie® potentially reduce thanvestments in caijpal intensive
assets that may become strandadder specific scenaripaths
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Figure0.21 Comparison of the impact of controllable DER on system d@ate considering the simulation @rmal
operation and disruptive events.

Additionally, ctor coupling between electricity and hydrogen systemsld be an important
flexibility sourceto mitigate the impact of disruptive events. Ledgration hydrogen storage
can acftas a buffer, absorbing excess renewable generatiaghe form of hydrogen produced
via electrolysisThisenabks thelater usageof this stored energyo supply hydrogen demand
during periods ofeducedrenewable availabilityFigure0.22 illustrates this betweenhours

96 and 144 where the example unttostly dischargesiydrogen to supply demandhen
facinga period with reduced renewable outputThisability of storing energy during an
extended period of timegeduces the system's total costs even under strain, demonstrating
its potential to bolster resilience against extreme events and periods of low renewable
output. Furthermore, the enhanced flexibility from sector coupling facilitates strategic
realignmentof investmens, allowing for proactive reinforcement of critical interconnections
vulnerable todisruption during system stress.

Operation of H, storage infrastructure
Hydrogen Superpower Scenario 2037 (lllustrative)
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Figure0.22 lllustrative exampleof the operation of hydrogen storage (volume storgthrging,anddischargingof
hydroger) for a weekunder theHydrogen Superpowecenario.

22



Topic 4 PlanningFINAIREPORTune2024

Acronyms
AC alternating current
AEMO Australia Energy Market Operator
BESS battery energy storage systems
CAISO California Independent System Operator
CBA costbenefit analysis
CvaR conditional value atisk
DER distributed energy resource
DSM demandside management
FFR fast frequency response
GB Great Britain
HHV higher heating value
HILP high impact and low probability
HSC hydrogen supply chains
HVAC high voltagealternating current
HVDC high-voltage direct current
ISO independent system operator
ISP integrated system plan
LCOE levelised cost of energy
LWR leastworst regret
LWWR leastworst weighted regret
MC multiple contingency
MILP mixedkinteger linear programming
MISO Midcontinent Independent Syste@perator
NEM National Electricityviarket
NGESO National Grid Electricity System Operator
NOA network options assessment
NPV net present value
OHL overhead line
PEM proton exchange membrane
PFR primary frequency response
PV photovoltaic
PtG power-to-gas
REZ renewable energy zones
ROCOF rate of change of frequency
SFR secondary frequency response
TEP transmission expansion problem
ucC unit commitment
UHS underground hydrogen storage
VRE variable renewable energy
VSC voltagesource converter
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1 Introduction

1.1 Context

The transition to a fully decarbonised energy system is spearheaded by the increasing uptake
of variable renewable energy (VRE) and distributed energy resources (DER), the electrification
of different sectors, and the larggcale adoption of lovcarbon fuds such as green hydrogen.
Developing the aforementioned technologies is a challenging task exacerbated by the
increasing uncertainty around what and how much of each technology will connect to the
system, as well as when and where. Energy system plaanerthus faced with the task of
striking a good compromise between the cestectiveness of a deeply decarbonised energy
system and the need for ensuring deprday operational securityreliability, and resilience
against higimpact lowprobability (HILP) events, which are particularly challenging to model
and capture in traditional planning methodologies.

In this veinpne of theprincipaloutstanding research problems that need to be addressed in
the short termis the development of planning methodologies atwbls to cope withthe
challengesassociatedwith largescale and longerm uncertainty. To address this, the
University of MelbournéUoM)elects to address several fundamental issues associated with
¢ 2 LJA O n Z,ofdhe CIHRGPSTrGdmap, particularly in the context of energy systems
integration. This project aims to examine and assess, fromtechneeconomic perspective,

the impactand benefits of integrating DER, sectmupling, and storage technologies in low
carbon energy infrastructure planning under different sources of uncertainty. Among other
studies, the project seeks to determine the operational flexibityueprovided by DEBnd
hydrogen electrolysers anidfrastructurein supporting system operation and displacing or
delaying investments irelectrical infrastructure. Moreover, to deal with the inevitable
computational challenges that emerge from modelling the complexity of the operation of
power systems, clustering and optimisation techniques aserveyed to identify
methodological options foselectingrepresentative periods to use planningand determine

how these techniques could inform the procedures adopted by the Australian Energy Market
Operator (AEMO) in thelntegratedSystemPlan(ISB.

The primary outcomes from theproject illustrate how employing a muklstage stochastic

approach can yield flexible, adaptive investment portfolios that capture investment
optionality compared todeterministicframeworks. In this regard, this projecain support

and inform the development of the planning approaches used by AEMO and other system
operators (e.g., National Grid E8Che UHK, guiding and contributing tthe enhancements

Ay 20GKSNJ 2dzZNAARAOGAZ2Y &S LI NIAOdzZ F NI & gAUOKAY
activities and outreach.

27



Topic 4 PlanningFINAIREPORTune2024

1.2 Aims and objectives

This project aims to comprehensively represent and analyse the influence of incorporating
operational flexibility from DER, hydrogen electrolysers and options for hydrogen
transmission and storage infrastructure within thewer systenexpansion planning problem
under multiple uncertaintiesThe main goal is to evaluate planning strategies and the impact
of flexible technologies in making robust and forwdinghking investments, thereby reducing
planning risks and regrets. This provides valuable insigtdstive current decisiormaking
processes undertaken by different stakeholders and informs the next steps in methodological
developments in thePower SystenPlanningsphere These objectives are aligned with
Research Program 5 (Distributed energy systems) and have interactions with Research
Program 2 (Power system operation), 3 (Reliability and resilience) and 4 (Dexegiorg).

The project tasks and their alignment with tB621planning roadmap4] are as follows:

A. Analyse pertinent representative period selection (e.g., days, weeks, months, or years)
techniques in the planning process through classification algorithms.

B. Identify and quantify the value of the operational flexibility that different types of
storage, demanside (including DER), and seetmupling (particularly hydrogen
electrolysers) technologies could provide in displacing or delaying transmission
investments and enhancing resilience to extreme events.

C. Model and numerically assess the potential benefits from integrated electricity
hydrogen infrastructure design and relevant storage options in optimal integrated
infrastructure planning under deep, loigrm uncertainty.

D. Quantify the resilience benefits that different types of storage, DER, hydrogen
technology and transmission infrastructure could provide against different types of
extreme events, including dunkelflaute periods and prolonged outages of
conventional generairs and interconnectors.

In the context ofthe CSIR@PST research roadnidp Figurel.1l depicts theexpected
completionstatusof each relevant research activity by the end of @iisgeof the research
roadmap

TASK PROGRAMME STREAM PROJECT CODE PROJECT PROGRESS

Modelling the steady-state operation of the system considering

the trade-off between computational efficiency and model R2S1P1 Ongoing 20%
precision

Methodologies and tools to incorporate the assessment of non-

TaskA Power System Operation Steady-state aperation
modelling
Methodologies for decision-

Decision Making making under uncertainty

network solutions value streams in the network expansion R482P3 Ongoing 20%
problem

|dentifying the sources and availability of demand side flexibility,

quantifiing its aggregated profle, and determining its RS5S52P1 Ongoing 25%

Distributed energy markets ~ representation in power system planning
and demand-side flexibilty  y1ogeiing distriouted energy systems (e.0. DERs, VPPs)
Distributed Energy Systems operation and determining data requirement to represent their R552P2 Ongoing 25%
operation for planning studies

TaskB

Distributed energy resources Modelling and analysing the contribution of DERs to system RES3P2 Ongoing 20%
impact reliability (security and adequacy) and resilience
Modelling the impact and flexibility embedded in the interactions
TaskC Distributed Energy Systems Multi-energy systems between power systems and other energy systems for planning R5S1P1 Ongoing 20%
studies

Modelling the impacts and benefits of other infrastructure and
sector coupling (e.g., gas, hydrogen) on power system reliability R3S3P3 Ongoing 50%
and resilience

Credible and non-credible

TaskD Reliability and Resilience .
contingencies

Figurel.1 Expected progress for the research activities considered in the initial research plan by the end of the current
ongoing project.
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1.3 Research relevance and future guidelines

l dzZa GNJ £ Al Q& LI2oSNJ agaiasSy Aa d I ONRAANRI RaA
Transmission is key to unlocking renewable energy zones (Riios)\wideand transporting
energyto load centres. However, the development of the REZs, demand growth, the fast
uptake of different distributed energy resources, advancements in storage technologies, the
retirement of synchronous units, and the potential to produce alternative energsiecar

such as hydrogen, among many other elements, are subjeatép dincertainties that make

the decision to build nevdargescaleassets both strategic and challenging. Making the right
decisions regarding newetwork investmens can yield value for the system through lower
costs, enhanced reliability, increased resilience, and reduced renewable energy curtailment,
which will largely offset the investment costs. On the other hand, incoroeatintimely
decisions could lead to stranded or underutilised assets and potentially higher costs.

This research is highly relevant to the Australian power system's ongoing transformation. By
developinglongterm stochastic planning approachasd leveraging the benefits of flexible
technologiesand investmentsit has the potential to achieve significant cost reductions
within the energy sector. Current deterministic models may underestimate flexibility
requirements, or the impact of uncertainties surrounding infrastructure costausing
increasedcapitalor operationalexpenditures or even stranded assets. In contrastipchastic
planning promotes investments that can yield better value and anticipatory capabilities under
a wide range of uncertain futures by explicity modelling uncertainties regarding REZ
development, demand patterns, technology uptake, and the growdngrsity of energy
carriers within energy systesn This anticipatory approach can minsai the rsks of
technology lockn and ensure that infrastructure buildwaximise the alignmentvith the
nationaland worldwideenergy transition goals. Such robust planning methodologies offer
greater confidence in maintaining a secared affordableenergy supply throughout a period

of unprecedented disruptiomnd uncertainty ultimately supporting Australia's position as a
leader inthe worldwide energy transition

Furthermore, the outcomes of this research project offer a compelling pathway to achieve
significant systerwide cost savings for customers while ensuring continued reliability during
the sector's transition to a lowarbon future. These benefits are anpated to materiake
within a mediumterm timeframe (510 years)as new infrastructure is commissionet@he

key lies in leveraging stochastmodellingof the future, which explicitly accousfor multiple
long-term uncertainties inherent in renewable ergy integration evolving demand patterns
and increasing investment cost8y embracing this approacbyuilding a more reliable,
resilient, and coseffective system capable of facing the complexities and challenges of the
energy transition and ultimately achieving rstro emissions at minimum cost will be
possible

29



Topic 4 PlanningFINAIREPORTune2024

1.4 Report Structure

Thestructure of the report is aligned with the four main tasks set for this stidke project
Thus, each task {B) described irSectionl.2 is presented in an individual section of the
report. Section 2presentsa comprehensive literature reviewf the current techniques,
methodologies and practicesemployed inthe existingliterature to select representative
periods to simulate the system's operatiamthin longterm planning studies Section 3
studiesthe impactof distributed energy resourcé ®ERpPn the expansion of power systems
specifically addressirtpe impact of flexibility provision on investment decisions and system
costs when employing stochastic planniagd addressing multiple soces of longerm
uncertainty. Section 4 examines approachesintegrating hydrogen infrastructure planning
asanother means foproviding enhanced operational flexibilitio the electricitysystemand

as another option to transport energy across the systenin addition to the traditional
deployment of transmission lineSection5 discussesnd analyses approaches to modelling
and integrating credible and necredible events into power system planning, with particular
attention to the system responsavhen facingoutagesof large infrastructure and extreme
events.Section 6 summases the report's key findings and presents the overall conclusions.
Lastly,Section 7 presents the recommendations for faeure developnentsof the project.
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2 Representation of system operation

Power system operators and planners utilise capacity expansion models to determine the
optimaltransmission, generation, and storage infrastructure configuratemuired to satisfy
electricity demand within a specified geographical region. These investment decisions, which
encompass considerations of location, size, and type of infrastructure, are inherently long
term and are typically made annuallyjHowever, the growingntegration of variable
renewable energy (VRE) and flexible technologies ihasasedthe need to model the
operation of power systems with hourly resolutioas itis essential for capturiny RE
intermittency.

Numerous studies have underscored the critical importance of developing highly detailed
operational models within planning toglas it is crucial taccurately assesand extract the
value ofnew investment opportunities and flexibility options, such as storage, distributed
energy resources (DER), and hydrogem.achieve this, detailed operational decisiosisch
asunit commitment, rampingminimumstable generation, and economic dispatch, must be
incorporated into capacity expansion models to comprehensively represent hourly dynamics,
flexibility requirementsand provision and the inherent value of VRI&d flexible assets

In addition to this shorterm uncertainty it is imperative to identify and model the sources

of long-term uncertainty that influencehe development ofthe power system Changes in
energy policy, technological advancements, and evolving business models exert substantial
influence on power systems, leading to heightened and evolving levels of uncertainty that
must be rigorously considered in planning studies.

Consequentlyconsidering all these sources of uncertainty in expansion modelg@sait in
complex and computationally intensive mixedeger linearprogramming (MILP) problems

To account for this complexityarious approaches have been proposedhe literatureto

make capacity expansion models more manageahleommon practicas the adoption of
procedures for selecting representative perioffgpically spanning days or wegk§ hese
representative periods are chosen from historical datasets within each year of the planning
problem to encapsulate the entire planning horizon effectively

Recentdevelopmentsin machine learning, classification, and opsation techniques have
provided new possibilities for effectivelelecting and analysindata tracesfor planning
studies. Moreover, in the transition towards lewarbon power systems, it has become
imperative to incorporate data that captures phenomena such as steep ramp rates, capacity
factors of VRE weatherinduced events, and the inherent variability and uncertainty
associated with renewable generation and demand.

In this context, the objective of this section is to comprehensively analyse and cagegori
suitable techniques foselectingrepresentative period$o perform comprehensive planning
studies that effectively capture timdependent and uncertain behaviours of different factors
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and variablesThe classification of time series granularity, the use of metrics and other
aspects of this section are inspirbg[5], [6].

2.1 Model resolution in time

The temporal resolution in capacity expansion planning models ameepresent the
operation ofa power system, accounting for both the intemnual variability of VRE supply
and load and the resulting flexibility requirements and relevant technical characteristics of
dispatchable power plants.

Historically, he load duration curve (LDC) has been widely used to represent the operation
of power systemg$7]. This approachepresentsthe 8,760 hourastime blocks, oftercalled

"time slices! which account for seasonal, weekly, and daily variatidfavever, in systems

with significant VRE penetration (as expected in the future), this approach fails to capture the
variability of these resources or the contribution of storage systemsthaspotential
synergies between both technologies (such as intraday energy management) are not
appreciated imon-chronologicalliscrete block modelf8].

As VRE resources become increasingly integrated into power systems, it becomes imperative
for models to acount for the variability in VRE supply adequat€ailing to do so can lead to
suboptimal or even inadequate expansion decisiohs.highlighted if9], this inadequacy
arises because the associated costs tied to periods of VRE overproduction or underproduction
are not adequately represented, potentially resulting in an underestimation of the system
need for flexibility. Moreover, different authors [9], [10] emphasise that a temporal
representation that preserves chronology and sufficiently high resolution is a prerequisite for
detailed modelling of techn@economic operational constrainishen confronted with high
shares oVRE

For instance lte economic value of a VRE source is notably high when its temporal generation
profile aligns well with the temporal demand profiléhus, investing in such wedlligned VRE
sources becomes economically more rational than investing in sources that are less aligned
with the demand profile.In this regard, geographical resolution in lelegm expansion
models iscrucial in capturing the impact of VRE driven by their location, including potential
trade-offs with the additional transmission capfc needed to accommodate increasing
levels of VREL1].

Furthermore, authors ifil0] demonstrate tha selecting a particular temporal resolution and
consideringunit-commitment constraints (to represent the flexibility of the installed capacity)

in a longterm expansion planning model strongly influences l&gn investments. It is
shown that as the number of time slices is increased, the deployment of VRHEezitdef
assets (i.e., storage systems) is more favourable. Thus, models with a higher time resolution
tend to suggest that costffective longterm investment decisions lie less in inflexible
baseload generation and more in flexible assets.
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Likewisehigh or low renewable output evenend their correlation across large geographic
areasdependng on the availabletransmission capacitywhichmust be fully understood to
determine future network expansion needs.this context, it is noteworthy that the value of
network expansiomprojects (or any portfolio of projects) is not necessarily captured by many
operational conditiongut insteadon those conditions where the project would indeed add
greater value to the system, such as in extreme ¢év@m periods of high congestiofhis is
analysed by authorsni[12]. The study demonstrates that a significant portion of the
transmission value lies in a reduced set of hours throughout the y@arestimating the
congestion value based dhe product of the local marginal price differences and the power
flow, it is concluded thaapproximately 40% of the value of the lines comes from the top 5%
of hours with the highest decoupling or howrgh extremeevents (ncluding natural disasters
such as wildfires, heatwaves, or cold waves like the one in Texas i) 202teseted in
Figure2.1. These results underscore the importance of carefully selecting operational points
to capture the value of transmission accurately
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Figure2.1: Fraction of the transmission value attributable to the top 5% of the most expensive hours or extreme events.
Years 20122021 Figure extractedrom [12].

2.1.1 Impact of time resolution and granularity

As discussed, adequately accounting for VRE temporal and spatial variability is key for power

system modellingThesdechnologiesequirehigh-resolution data to accurately capture their
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variability in models, leadingp more complex calculations and the need for temporal
representationsin planning tools Additionally, uncertainty related to demand and new
consumption trends due to the electrification of different sectors must be addressed in
planning models to value different technologies adequately.

Different studies have analysed the impact of time resolution in the planning of power
systemsFor instance, it has been concluded13], [14]that insufficienttemporal detail in
these modelscan lead tooverestimatingthe effective capacity of variable renewable
generation Moreover, workg15], [16] show that using alow temporal resolutionled to
overestimatingthe optimal investment levels in less flexible technologies and 3tREces
while underestimating the optimal investment levels in flexible technologies.

Additionally,[17] shows that a more granular representation leads to a more diversified
portfolio of investments regarding dispatchable technologies. It highlights that models
incorporating the co-optimisation of investment andoperational decisions can be
computationally intensiveLikewise, authors ifiL0] identify that, for their case studies, a
subset of 2,016 slices (12 weeks) is sufficient to find accurate results.

In this regard, liree notable approaches stand oun the literatureto choose demandnd
renewable generation profileso capture the most important operational conditions for
power system planningThese arei) representative pointsii) representativedays,and iii)
representativeweeks.

2.1.1.1 Representative points

The selection of representative points differs from choosing blocks in the Load Duration Curve
(LDC) The former chooses actual operating points and assigns a weight to their annual
representation following specific criteria. In contrast, the LDC selection generally involves
using average values of demand and renewable profitesvever, both approaches fail to
capture the muckeeded hourly variability.

Nonetheless, important insights from the selection of representative points are drawn by
authorsin [18]. They solve@transmission planning probleto analysethe costs associated
with transmission investment, congestion, and des for an increasing number of
representative pointsThe results depicted inFigure2.2, show that investment increases
when choosing more operating poinis congestion in the network and the value of
transmission are better captured. However, this effect saturates when including a certain
number of points, beyond which the planning does not undergo significant modifications.

34



Topic 4 PlanningFINAIREPORTune2024

1600
1400
1200

1000

800

600

=1l I
1

2 10 20 50 150 250 350
Number of representative operating points

Net present value [MS$2013]

(=]
(=1
[=R =

® [nvestment costs = Congestion costs ® Cost of network losses

Figure2.2: NPV of optimal expansion plans for different numbers of representative operating. pagnise extracted from
[18].

Different criteria are applied in various castidies to select the operating points. In the case
with 1 individual operating point, it represents the maximum demand, while the case with 2
points includes the maximum demand and the annual aver&gethe other cases, the
operating points were chosemising a selection methodology based on clustering the
operating points according to line load levels.

2.1.1.2 Representativdays

An alternative to selecting isolated operating points is the choice of typical days to preserve
chronological effects in simulations, which are essential for modelling systems such as energy
storage. There are multiple ways to choose typical days to reptgdanning problems.

Authors n [19] proposethe approximation of annual operatidsy using different numbers of
typical dayswhile including extreme days with higher and lower levels of the net load (load
minus renewable generation) by using a combination of@ejainsing map clusteringvith
other clustering techniques such ks$neans

Moreover, n [17], the selection of representative days was explored using the Ward
clustering method.The key finding of this work are presented ifigure2.3, showingthe
normalised LDCand its equivalent for solar and wind generation when employing the
proposed methodologyor different numbers of typical daydt is possible to observe that
better approximations are found when increasing representative days (10 in this case).
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Figure2.3:Approximation of the Load Duration Curve for (a) wind generation, (b) solar generation, and (c) electrical
demand (real data and approximation with one, 5, and 10 representative.dégsyeextracted from17].

2.1.1.3 Representativeveeks

The use of typical weeks allows for a more detarepresentationof renewable variability

and energy arbitrage from storage systems than typical days. Additionally, it enables the
evaluation of longeduration storage system operation (days or weeks) antbetter
representation of technical constraints of slow thermal units such as those operating based

on coal.

In [20], authors usethe net load duration curve (NLDClo select representative weeks by
using an optimisation approadhased onminimising the least square error between the
actual dataand itsapproximation Results arshownin Figure2.4 when using one and four

representative weeksconcludngthat a system can be accurately modelled with 4 weeks.
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Figure2.4: Real NLDC and its approximation considering 1 and 4 representative. Wgke extracted frorf20].
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It is important to note that the selection of representative data requires the development of
metricsto assess the performance thfe different methodologies for selecting representative
periods These metrics are focused on comparing the approximatidtm the real data, with

the objective of providing the modellexith an estimation of the error involved. Metrics
associated with time series are crucial in #spect, as well as the need to compare indicators
related to the operation of thgpower system under analysis.

2.1.2 Metrics for representative periods

Selectingoetween representative points, typical days weeks is a completask Firsty, it

requires defininghe periodr f A3y Ay 3 6AGK GKS addzRéeQa 262S010
associated with théength of thechosen periodAfter determining the type of representative

period, selectingan adequate number of pointdays or weeksbecomes crucial toepresent

the system as closely as possiblethe real operation Therefore, it isessentialto have

metrics to compare different time windows dnthe number of selected periods This

facilitates the decisioimaking process whilminimising erross.

In this context, threeategories of metrics can be employed to measure the error in a reduced
time series compared tan entire time serieqe.g.,a full year with hourly resolution vs a
selection ofrepresentativeweeks).

- First, there are metrics based on time seri€sese metrics generaligvolve the LDC
(load duration curve) or NLD@et load duration curve), examining how effectively
the chosen periods approximate the year.

- Secondly, there are the operational metrics, which study the performaficome
operational parametersf the systemé€.g.,the number ofstartups and shutdownef
synchronous unifs

- Finally, economic metrics provide insights into the errors between the real data and
the simulated approximation of the selected time series. These errors can be observed
in economic aspects such as average margtotdl, or other costs.

The following is a more detailed description of thé&erent metrics.
a) Time series metrics

Once the selection of points, days or weeks has been mabecdames essential to quantify
the differenceor errorbetween theselected dataandthe totality of the information.Existing
literature demonstrates thathe application of metrics on the LDC or NuB@alswhether
the different operational conditions of the system are being captured.

The authors 0f20] proposedto use the normasied rootmeansquare error (NRMSHE) the
Load duration curve (LDGhown inEquation2.1. This metric consists of obtaining the LDC
and the approximated LDCD ‘O & The lattercan be obtained byrranging theselected
periods in descending ordergonsidering the fraction of the year each point/day/week
represents.
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Thus, this metric is calculated as the average mean square error nsgthblf themaximum
and minimum demand differencén the equation; Yrepresents the timestep(e.g.,aquarter
hour or hour) and0 represents the total time window being analysed (e.g., hours of the
year).
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Equation2.1

The proposed metric was used[@il] to compare 5 selection methods: random selection (RS),

Hybrid approachwhich consistef arandom selection followed by optimateighting(HYB),

heuristic (H)2  NRQa KA SNJ NOKA O(CA) and ivdze opfirédtigh3Inodelf 3 2 NA {
proposed in the paper (OPBigure2.5 shows how the NRMSE decreases when the number

of days selected for the different selection methods increases.
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Figure2.5 Error in approximating the DCs for different methods and different nusbelays. Figurextracted from21].

b) Operational metrics

Traditionally, theassessment oapproximation errorfocuses on input datéhrough time
seriesmetrics However some metricfocus on the resultsf the simulations. For example,

a metric related to the turn-on and turroff of generation units ipresented in[20]. This
metric compares the number of staupsfor each technologyhen simulating a full year
"Y®Yagainstthe number of starups obtained by simulating the selected period8YY
Equation2.2 summarises the process, whei@is the number of generators of the same
technology.Finally,[20] explores the impact of including an increasing number of weeks,
showing that the number of statiips for OCGT and CCGT is closer to the yearly operation in
the case of 4 weeks than when modelling only 1 week.
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c) Economic metrics

Economicmetrics indicatethe accuracyof the selected data reflectinghe system's
operational costs Accurately capturing generation costs isrucial for assessing future
projects since aignificantpart of the analysis focuses on th@mpact onreducing system
operating and failure costs.

In[22] the impact of selecting different days with thexkeans clustering method was studied.
The authors studied the quality of the clusters with different nuntbef days usinghe
average operating cogtarginalcost,and startup cost Thusthe authorcalculates the error
between the average value when using the typical daysthe average values of the annual
simulation.

Figure2.6 shows the average operating cosharginal costand total startup costusing
different numbes of clusters The results highlight that increasing the number of clusters
enhances the representation ttieda @ a 1 SYQa 02 a
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Figure2.6 Comparison of the results of selecting different numbers of days (horizontal axis) with the values obtained from
the annual data for average electricity cost and marginal cost meffigsire extracted frorf22].

Smilarly, [23] studied different clustering methodand the impact of increasing the number

of days in the objective functiorfigure2.7 showsthe objectivefunction values for two
distinct case studies maximsing revenue for batteries and gas turbimesn the systems of
Germany and Northern California, incorporating varying numbers of dagsclusteing
methods The figure displays the objective value considering the 365 days of the year and the
objective value of selecting an increasing number of days. The inclusion of more
representativedaysresulted inmore accurate results.
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Figure2.7 Objective value (revenue) as a function of the number of clusters for the different clustering meitocs.
extracted from[23].

2.2 Current practices and available tools

In longterm planning models, the time horizon is commordpresented bya sequence of

time slices designed to capture tloperational characteristics of the system. These slices
correspond to the number of data points used to represent a specific period (days, weeks,
months, or even yearspach with a fixed time resolution that denotdse number of time
slices per periodThis approach allows for a comprehensive representation of the system
operation over a given yeaAs highlighted if9] it is crucialto recognse that the time
resolution, or the number of data points, is not the sole determinant of accuracy. The quality
of the selected data and the methodology employed to choose and assign corresponding
values are also crucial to ensure reliable results in theetiog process.

2.2.1 Current practice in the Australian system

The ISP uses an iterative approach to obtain the planning portfolio that best suietus

of the system. Ariterative methodolog consists of approaching planning with studies that
include different levels of operational detail, facilitating interaction between solutions from
different studies.Thus, thisapproach provides the opportunity to complement operational
studieswith high detail and narrow scopgsuch as voltagdrequency,and other stability
studies) with studiexonsideringa low detail andoroad scope as thdongterm planning
optimisation problems, which haviewer operational constraintgL1].

Figure2.8 shows the ISBhethodology[24]. The figure consists aixblocksthat model the
system consideringdifferent levels of detailwith various input and output data being
delivered from one model to another. The first block is Hreed and modelled inputsiock.
This blockieedsthe Capacityoutlook mode] which feeds the Timeequential model The
final blockis 6Optimised generation, storage and network outlook, with costs and begefits
The blocksmentioned so far have been developed with the support of agieeering
assessmenftred blockon the right) which identifies technical constraints in the network
through power systenmanalysis and project evaluatiofinally, theCapacity outlook model
and theTimesequential modetonsider a feedback loop with tH&as supply moddbreen

on the left), which provides the gas demand.
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Figure2.8 Overview of ISP modelling methodoloBigure extracted frorf24]

2.2.1.1 Capacity outlook model

The Capacity Outlook modebnsistsof two planning models with a loagerm view and
different hourly granularity. The model is used to plan the transmisssarage, and
generation. This model consisistwo independentmodek:

1) Singlestage Longrerm Model (SSLiB) the longest loolkahead model, considering a view

of decadeslt considers a single stage with little operational detail. The demand of this model
is representedby mappinghe days of the month using representative days or weeks, using
the same renewable profile for the sampled dalygure2.9 shows an example @ two-day
sampling for the demand of January 203Wiew South WaleR4].
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Figure2.9 Example representation of a sampled load profile for NSW in 2430

2) Detailed Longrerm model (DLT): It has a more granular representation to capture
renewable variability, electrolyser operation and the value of storage and othgyeak
plants. This model has multipleeguentially optimised stagesncluding a chronological
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representation of each dayigure2.10shows the temporal granularity of the demand, which
is representedy five to eightblocks of different lengths depending on the time of dake
blockschosen, including the net demand (demand minus renewable generatigpnesent
the renewable generation in each block in the best possible Whis approach may not
necessarily preserve the maximum and minimum demand each daifpaatingblocks could
lead to an averaging effect over multiple periods during these times.
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Figure2.10 Example representation of fitted load blocks in NSW 2B@fre extracted frori24].

2.2.1.2 Time sequential model

This modekevaluates sufficiency standards and possible generator retirements, studies the
feasibility of generation and transmission under differenhditions andooksfor congestion
and new transmissioaugmentations This modeis comprisef three stages

1) Projected system adequacy assessment: Determines the generators under maintenance
while optimsing reserve capacity over the projected period. The maintenance schedule is
passed on to théollowingtwo phases.

2) Mediumterm program: Schedulegeneration for energyimited plantsin a year
(hydroelectric, largescale storage or emission limits). The resultdsidy energy target or an
implicit cost ofgeneration which is passeth the next stage to guide hourly dispatch.

3) Shortterm program: Solves the hourly (or héiburly) system dispatch following demand
and renewable constraintd his stage has limited foresiglttepending on the model it can
be from one day to a week.

2.2.2 Clustering for selecting representative periods

The most common approach in literature for the selection of representative periods is by
performing clustering techniques over large datasets that aggregatederies that contain
demand and VRE patterf23]. Timeseries data are grouped ingmilar clustersand each
cluster is replaced by a single representative period. In some cases, clustering is augmented
by adding extreme periods (peak periods) that do notappropriatdy within one of the

42



Topic 4 PlanningFINAIREPORTune2024

clusters but whose properties can drive required investmemtsluding these extreme
periods is also a key element for a reliable planning process.

A hierarchical clustering algorithm is presentedliri] and applied tademand and VRE data
Themodel minimses the deviation between historical days and their representative value. In
addition, correlation error and covered variability are shown pmrform best when
considering a representative day instead of the centroid of a cluStenilarly[25] compares
hierarchical clustering with-kneans for selecting representative days, showing that the
former algorithm outperforms the latter when comparing the error to tetire data set.

The work if26] comparesk-means, kmedoids andierarchical clusteringrethodswith both
centroid and medoidas clusteringcentresto represent the operationof power system
problems. The kmeans methodminimisesthe Euclidean distancéetween time series
vectors and uses the centroidis the cluster centre. KKmedoids also use the Euclidean
distance,but instead of using the centroid asctuster centre use the medoidConsidering
this, the centroidis avector (or point)representingthe averageof all elements within a
cluster (i.e.the centroidcan be adsyntheti& vector). In contrastthe medoidis alwaysa
vector belonging to the clustered datasefuthors show that centroubased clustering
methods represent the operational part of the optisation problem more accurately than
medoid-based clustering methods.

Theresearch in[27] extends the previous work by proposing a methodology that allows
adjusting the weights from clustering algorithms to ensure the annual energy requirements
are met, keeping the relationship between peak demand dne total annual energy
consumption The results also demonstrate the importance of carefulljistering
representativedaysconsideringsystem costs and technology mix

Furthermore, a timeperiod clustering technique that retains the chronology of tiree-

dependent parameters throughout the whole planning horizon is presentfBin It consists

2F 2FNRQ& YSUK2R F2NJ F3IFf2YSNI GADBS KASNI NOK?
of clusters that minimally increases withatuster variance. This methodology outperforms

existing approachesegardingtheir average cost error with respect to a benchmark capacity
expansion model that works with the full set of periods.

Even though clustering algorithms have been widely developed, some of the main challenges
lie in the increasing dimensionalityfeature selection of data sets, the sensitivity to
initialisation and parameters, and the lack of temporal dynamas data points are
commonly considerethdependent from each other.

2.2.3 Optimisationbased methods for selecting representative periods

In [21], an optimgation-based approach to select representative periods is presented. It
minimises a selflefined statistical error measure that approximates the load duration curve
of each attribute. They additionally include ramping information by consideegagh
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attribute's ramp load duration cuez Both the representative period and the associate weight
are variables in the minimisation. As this approach is based on iéxyronology of the
data is overlooked.

Likewise,[20] presents a miningation of the least squared error to select representative
weeks that jointly charactese demand and VRE for capacity expansion problems. It is shown
that the proposed model yields a valampproximation for unit commitment constraints
embedded inongterm planning models.

Another optimsation-based approach is proposed [29]. Theauthorsfind representative
and extreme day$y formulatinga mixedinteger linear program and bound the solution
through a maximum deviation tolerance in terms of the load duration cuResults show
that the proposed methodologybetter represents typical and extreme operainal
conditions guiding towards more efficient and reliable designs.

An optimsation-based representativelay extraction method is proposed {i30] to improve

the capture of theintraday chronology. It ensures higher precision in preserving data
chronology and extreme values than hierarchical clustering methods. The method captures
the intraday and interday chronology of real data considering extreme values, using a limited
number of representative days and time points each day (piecewise linear transitions).

It is worth mentioning thatthese optimsation approachesare MILPbased allowing high

flexibility to incorporate used LJISOA UO O2 y a i NdisAappraach hdstBeg S @S NE
disadvantage that solvintipe resulting optimisation problensan be computationally costly
(combinatorial problem)and could require high implementation effort Thus selecting

multiple representative periods for datasets of considerable size can be challenging

2.2.4 Other methods used for selecting representative periods

Aside from the clustering and optigaition approaches discussed beforecentworks have
focused on employingmachine learning techniques to select representative periods as they
allow considering multiple inputs in terms of VRE, load, and even other energy vectors,
capturing possible spatial correlations as well.

Authors in[31] propose agraph autoencoder formultiple time resolutionenergy systems
model to capture the spattemporal demand patternsfor electricity and gas. Graph
Autoencoder is a type of neural network architecture designed for learning and encoding the
structural information of graphsResults show that the proposed method outperforms
clustering techniques when finding representative days for a planning problem, finding higher
shares of VRE and less adoption of-fy&sl power plants

The work conducted if32] underscoresthat one of the main challenges of clustering
algorithmsandoptimisation problemssdealing withthe decreasing computationaifficiency
when the dimensionality of the input data increagegy.,anincreasing uncertainty given VRE
adoptionrequires modelling more scenariogr the adoption of new technologieadds new
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input data to the problermp To tackle this issueghe authorsuse neural networlbased
autoencoders to reduce the dimensionality of the input datfore applying the clustering

algorithm. The impact of incorporating such a dimensionality reduction algorithm into the
YSGK2R2ft 238 G2 aStSOG NBLNBaASYyll GdAGS LISNRAZ2R
capacity expansion model produced by using the selected periods from the full and reduced
dataset.

2.3 Key insights

This section comprehensively reviewsechniques and metrics employedto select
representative period for power system planningnodels It critically examinedelevant
practicescurrently employedin the literature to address the inherent tradeff between
capturing operational detail and ensuring computational efficiendyis type of studiesKey
insightsobtainedfrom thissurveyinclude:

I.  Increased émporaland spatialgranularity are key to unlocking technological value:
accurate valuation of dispatchable generati@mnergy storage, and othefflexible
technologies dependritically on highresolutionmodelling of the operation of power
systems Oversimplified time slices amveragel temporal representationscould
neglector misrepresenthe distinct rolesthese technologies play during periods of
high VRE variability or sudden system stress. Granular rodels particularly
important as VRE integrationcreasesvithin power systemd_iterature suggests that
increasing the number of consecutive time slices could offer a highality solution
Building on this principleepresentative weekemerge as a powerful strateggs they
preserve intraday and interday operational pattern§hese are critical for a
comprehensive assessment efstemflexibility needs, VRE capacity factors, and the
diverse roles of energy storagdncorporating a subset of carefullychosen
representative weeksalso maintains a manageable computational load while
providing realistic insights across varimperational conditions.

Il. Representation of extreme events unveis/stem risks and the value of new
infrastructure: includingextremeand stressed periodsot only exposssystemiaisks
but also underpins the value of flexible and resilient infrastructure. Studies
demonstrate that crucial benefits, like the value derived from enharmedcreased
transmissiorcapacity often materialse during a small subset of peak hoursewents
with high congestion Plannersshould therefore, deliberately incorporate these
events intothe selection ofrepresentative periods to fully assess thetualcost of
potential disruptiors and critical operational hoursand properly quantify system
reliability and resilience needs, resulting in more informed Hergn investments.

. A suite of different metrics(see Section2.1.2) should ideally provide a
comprehensive assessment of the quality of the selection of representative periods:
the selection of representative periods is a complex thsik encompases finding an
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adequate compromise between the right number of representative periods and its
granularitynot to lose representativity on the results and establish an informed
baseline for evaluating the tradeff between computational cost and modiely
accuracy Selecting a suite of metrics spanning different categarigse-series
behaviour operational, and economic will allow planners toobtain deeperand
more comprehensivensights beyond how well a dataset approximatggyregate
load curves as has been done traditionally.

A precisionefficiency breakeven point in the selection of representative periods
could be achievedas power system models gain complexity, thésean inherent
trend to continuously increase the number of representative periods under the
assumptiorthat it always translates to increased accuracy. Howesremely large
datasetscoupled withrefined temporal resolutionncreasecomputational overhead.

It iskeyfor planners to identify the threshold where additiomapresentative periods
yield only maginal gains inresults insights and informationas opposed to
significantly increased computational cost and implementatomplexity. Studies
suggest a threshold within planning applications; initiallyaaablenumber(between
different systems)of representative periods improves decistoraking and offers
greater accuracy for assessing new investments. However, beyond this point, the
additional insightan substantially reduce and lead $omilar investment decisions
despite significant model complexity and size increases
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3 Distributed energy resources in power system
planning under uncertainty

This section presents the work undertakenTiask B"Distributed Energy Resources"this
project. The main objective is to analyse and determiheough stochastic planninghe
impact and valueof distributed energy resourcesDER as flexible technologies othe
decisions for the expansion of the systemmdera context of uncertaintyThe section begins
with a literature review that delvesto the main concepts associated with DERIanning

the provision of flexibility and modelling approaches used in academia. Subsequently,
presentsthe input data andthe modelling approaclemployedto developthe case studies.
Finally,it highlightsthe mainresults analysisandkeyinsights.

3.1 Literature review

This literature reviewdelves into the statef-the-art regardingthe expansion planning of
low-carbon power systems, emphasisihg integration, impact, and modellingf distributed
energy resourcefor planning The topics covered in this chapter include a review of the role
of DER in enhancing power system flexibility and the current practices and techniques for
modelling their aggregation and controllability in planning studies.

3.1.1 Participation of DER in power systems

Power systems worldwide particularly in Australia,are undergoing a significant
transformation driven by the increasing levels of diverse devices connected to thELprid
Many of these resources are being connected to distribution systems in the form of DER
rather thanthe transmission network, as has been the convention in the past. In this way, the
increasing penetration of DER, along with technologies that enable their orchestration and
control, is significantly impacting power system planning. As a result, new mathgds and

tools are needed to plan the future power system infrastructure incorporating an increasing
penetration of DER.

DER can include a range of different devices instétiegenerate, store, or consunenergy

at different locations.Examples include distributed generation, electric vehidlEess), at

home batteries, and smart appliances, such as schedulable air conditi@iif@ynits, or
washing machines. A particular subset of theseattve DER33], which can be dispatched

in response to either a market signal or a change in market conditions, providing flexibility for
the system operation. For example, an active battery located in a household can almost
instantaneously switch between supplying elggty to the house and drawing power from

the main grid.
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If the flexibility of active DER can be coordinated, it has the potential to support the energy
transition by facilitating access to a broader pool of renewable energy, supporting power
system reliability, and reducing costs for consumers. In particdaDER to enhance power
system operation, centralised systems need to be in place to coordinate and control resources
on behalf of its owners to operate as a single entity. In this vein, by enabling a centralised
operation of flexible DER, the requiremerasd conditions for the operation of power
systems and the investments required for new network infrastructure can be altered.

3.1.2 Flexibility provision from DER

Various sources can provide flexibility in power systeihese include both conventional and
distributed generation, utilityscaleand distributed energy storage systems (E8#grent

types of loadqe.g., heatingcooling andelectric vehicles)and network infrastructure and
interconnectionsAdditionally, flexibility can be derived from the interaction between power
systems and other energy sectors facilitated by various energy carfignse3.1 offers a
comprehensive visualisation of these flexibility sources and their relationships, specifically as
relevant to the scope of this work.

Distributed
generation

Controllable Demand
appliances response

Networks

Gas
systems

Power systems Sector
flexibility coupling

Industry

Hybrid EV

Generation

Figure3.1 Flexibility sources in power systems

Asthe number of new devices being connected to the distribution systems in the form of DER
grows, the demand side has significant potential to contribute with enhanced flexibility to
power systems. While DER have several benefits for individual custonmaars.af system
perspective, they also have the potential to be aggregated together and leveraged to provide
flexibility services at the local and bulk power system lepa?$ From responding quickly to
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reductions in supply to following price signals to adapt demand profiles, the orchestration of

loads and devices through aggregators can provide new levels of operational flexibility for the
operation of power systems.

The orchestration of distributed energy resources is mainly carried out through aggregators,
entities that can participate in various electricity markets by providing services to the power
system[35]. The primary goal of the aggregation is to enable a group of diverse resources

(consumers, producers, prosumers, or any combination thereof) to appear to a system or a
market operator as a single, unified ent[B6].

Aggregators establish contracts with individual demaitk participants (residential,
commercial, and industrial customers) and aggregate their devices to operate as a single unit
to provide network services. These aggregated pools often comprise a uiitkeoént types

of loads and devices (e.g., distributed storage and generation) to maximise their ability to
provide flexibility to the system and generate revenues from it.

Figure3.2illustrates aggregators' core components and structure, which comprise a blend of
centralised and decentralised control and IT systems. Data related to weather forecasts,
wholesale electricity prices, and overall power supply and consumption trends @egsed

and shared through communication networks to optimise the operation of the dispatchable
DER associated with the aggregd®r].
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Figure3.2 General schema of aggregators in power systems.

In response to the growing penetration of DER and to capitalise on the potential benefits that
their aggregation and flexibility offer to the system, two main aggregation frameworks have
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emerged to foster the participation of the DER in electricity markets: demand response
programs and virtual power plan{¥PH schemesBoth frameworks utilise advanced control

and communication technologies to enhance the controllability and visibility of multiple
electric devices within the power grid, such as distributed batteries and electric vehicles (EVSs).

Demand response programs enable the management of various controllable and schedulable
loads through various customer incentives. Load reduction and shifting are services that can
be provided through these programs, with the primary objective of modifyireg usage
patterns of electrical loads of different types. Typical applications include domestic appliances
and commercial or industrial facilities, where optimising usage patterns can reduce energy
production and utilisation costs, enhance system relighibnd improve the grid's hosting
capacity.

Virtual power plants are(virtual or physical)networks that aggregate decentralised
generation units, storage systems and flexible loads. VPPs optimise the aggregation of
distributed resources across vast areas by employing-daten techniques and information

and communication technologig$CTE). They also participate in multiple markets, such as
wholesale energy and frequency ancillary services, to provide various network sefi38}es

[39]. Given their structure and technical configuration, VPPs can also offer and manage
demand response services.

Therefore, distributed energy resources, particularly those with aggregation capabilities,
present a significant opportunity for power system operation in both technical (security and
reliability) and economic terms. Moreover, these operational benefitisl ltlhe potential to
translate into changes in the transmissiamvestment stages, primarily by targeting the
reduction of investments in transmission redundancy or reinforcements, thereby minimising
the potential risks of stranded assets.

3.1.3 DER modellingnd impacbn power systenexpansiorplanning

As introduced in the previous section, the rapid expansion of @EfRoyment presents
significant opportunities for enhancing power system flexibilltyis trendrequiresa shift in
expansion planning models, as they must now account for DER alongside traditional
dispatchable resources. Developing new planning frameworks at the transmission level is
crucial to assess the impact of largeale DER deployment at the distrilon level and its
subsequent implications for transmission grid expansion requirements.

In particular, [40] points out the potential impact of DER technologies in the future
development of power systems, highlighting that their inclusion within the expansion
planning tasks will result in changes in the optimal portfolios for-gecale assets like
transmissionlines. Responding to this need, various studies have proposed diverse models
and analysed the impact of incorporating DER technologies into-temg planning
frameworks.
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Using twostage stochastic models, the authors[41], [42] explore the impact of demand

side participation on system planning. Their modelptmise investments in transmission,
storage, and generation with the allocation of demand response and reserves while
leveraging Conditional Valts-Risk (CVaR) as akiassessment metric under various
scenarios. The findings reveal that load shifting facilitates a higher investment of VRE and
enhances operational flexibility under rigkerse conditions by reducing total costs. Notably,
risk-averse decisiomakers vale flexible technologige. Still, their impact is nelinear,
leading to investments in utilitgcale assets, particularly when flexibility is readily available
at a low cost.

In [43], a twostage model employing distributionally robust optimisation is proposed to
analyse the impact of integrating active DER into the expansion planning problem. The
proposed framework leverages DER, patrticularly through aggregator modelling, to schedule
corrective control services (load increase, load reduction and load shifting) in response to
uncertainties arising from various contingencies. The results demonstrate that the increased
flexibility provided by DER enables the utilisation of latent capanitexisting transmission
assets, thereby deferring the need for new investments. Additionallj44h the model is
further used to highlight the advantages of DER in mitigating the impadtldfevents, like
earthquakes, ultimately reducing the need for network reinforcements.

The impact of smart charging schemes for EVs in the expansion planning problem is studied
through a deterministic model applied to the Chilean power systerf#f}. The analysis
highlights that higher EV penetration encourages investments in solar generation due to the
additional system flexibility provided. This increased flexibility allows for reducing peak load
by spreading charging requirements throughout eanlgrning and mieday.

Regarding distributed generatig®Q, various studiepl6], [47]have investigated the impact

of incorporating DG as an active resountéhe distribution planning problem. Their findings
demonstrate that DG can defer line reinforcements in distribution networks, depending on
its size, location, and type. However, these studies do not assess the impact of DG inclusion
on transmission expamm planning. IN48], the effects of DG are studied through &C
optimal power flow in the transmission network of Queensland, Australia. The research
concluded that distributed photovoltaicibstantially affect transmission deferral mdahan

wind generators due to their higher deployment capacity across diverse areas.

In [49], the authors show evidence that distributed generation alone has a limited effect on
deferring transmission investments. They propose that distributed generation must be
complemented by flexible resources like storage or demand response prograesuice or
delay investments in utiliggcale assets significantlyhis highlights the potential of diverse,
active DER deployments to enhance the temporal capabilities of distributed generation for
producing and storing energy, thereby altering the need for rtemnsmission network
investments.
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The modelling and impact of DER in power system expansion planning is further studied in
[50] through a deterministic blevel model. This study presents a framework for 1#DSO
coordination to quantify the value and impact of local flexibility services offered by microgrids
in the expansion and operation of the system. The results demonstrate a shift in investment
plans,reducinginvestment and operational costs by utilising DER flexibility services.

While the reviewed works contribute significantly to modelling, evaluating, and
demonstrating the impact of incorporating active DER into the planning process, they fall
short of simulating a planning process over a more granular time representation eddoir

this task (i.e., more representative days and more epochs). This is particularly concerning,
given the extended lead times of transmission lines and the need to understand the impact
of different storage durations.

Furthermore, power system planning processes are inherently susceptible to diverse
uncertainties, encompassing demand growth, variable renewable energy (VRE) deployment,
fuel and investment costs, and, most recently, the retirement of coal generation [&iifs
Under such conditions, utilising existing models in the literature can lead to suboptimal
decisions due to limitations in lorgrm modelling capabilities and the lack of robust
uncertainty management strategies.

Moreover, DER are evolving technolodieat are subject to longterm uncertainties related

to their deployment and coordination. This necessitates employing models capable of
anticipating diverse trajectories associated with their development over a longharizon

This would enable more accurate quantification of their impact on the investment dynamics
of other power system assets like utilibgale storage and transmission lines, both in the short
and long term, thus minimising the risk of investmamgfficiencies.

3.2 ModellingOverview

This sectiomriefly describeshe theoreticalbackgroundf the stochastic expansion planning
modelused for thedevelopment of this project, with a particular emphasis on thedelling
carried outto include DERSs an active flexibility sourcEor further detail of the mathematical
modelling employed, the readers are referred[52], [53]

In the context of stochastic planniniipe uncertain parameters (e.g., load, renewable energy
capacity,coal unit retirements investment andfuel costs) in the expansion model are
depicted through a scenario tree. This tree captures the variables' uncertainty while
maintaining the system's relevant interactionde tree's nodes are organised into epochs,
such as different years in the planning period, as illustrate&igure3.3. Ths illustrative
examplefor a scenario treeshows three scenarios with nodes covering the operation from
start to finish of the horizonFurther detailsand a thaough explanation regardinipe logic
associated with the scenario tree used foetstochastic planning methodologgn be found

in the work donein the previous research stad@e4].
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Figure3.3 Scenario tree representing three yearly stages through six nodes, each containing three representative weeks.
(PXY means period Y representiing operation in node X)

Figure3.4 depicts the general structure of thexpansionplanning model. The optimisation
problem aims to minimise the total expected costs associatéith the investment and
operation decisioamade in each node of the scenario trddese costs are discounted from

the year associatedith each node to a reference year using a given rate of return. Also, since
the approach considers expected cost minimisation, each node is weighted by its probability
of occurrenceThesystemoperatioral component of the total costs also includes the cost of
not serving energy to the customers at any given period, which in the context of this study is
valued at the curret market price cap for the National Electricity Market.
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Figure3.4 General structure of the stochas@gpansiorplanning problem

The objective function of the model adds up all the investment and operation costs of the set
of nodes in the scenario trg@and associated representative weekBurthermore the model
imposesa set ofconstraintsfor investment and operational decisions, whidkelude:
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1 Investment constraints: these include the-salled nonranticipativity constraints,
which guarantee that an investment made at a certain node in the scenario tree will
be present in the subsequent nodes connected to said node. These constraints also
include the potential rules of investment across the portfolio of options, for instance,
mutually exclusive investment optiongmivestment options that must follow another
investment option, or investment options that must be built simultaneously.

1 Power system constraints: these correspond to all the constraints assoacaated
power system operation, including energy balances, reserve provision, power flow,
transmission limits, etc.

1 Unit-commitment constraints: the operation of conventional units in the system is
limited by their technical characteristicsuch asramping limits, minimum stable
generation, stadup times, etc.

3.2.1 DER modelling for expansion planning

For the development of this stage of the project, an analytical model capable of representing
diverseDERechnologieswvas incorporated into the stochastic expansion problem (detailed

in Figure 3.3)This modelling approach allows for representing flexible power exchanges of
aggregated DER (centratigntrolledthrough a VPP or demand respofise A @S &> |y @& 2 LJi
operation offering energy arbitrage and load shifting servicesespectively and inflexible
(marketindependent) power exchanges of naggregated DERNhen a DERIs called
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Figure3.5 Structure of the DER modelling within the stochastic expansion planning problem.

3 Thetraces datacorresponds to the profile§demand, PV and wind outputs, energy storage, among others)
employed by AEM@s relevant input$o carry out thesimulations for the Integrated System P{@8P). The data

is publicly availablefor download in https://aemo.com.au/energysystems/majospublications/integrated
systemplanisp/2022integratedsystemplanisp/2022isp-inputs-assumptionsand-scenarios For the
purposesthe research presented in this repodll the data employed has been sourced frtva files available

in the mentioned website
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The different studies on expansion planning presented in this report use the information
presented in the 2022 Integrated System Plan (J§PEven though thetochastiexpansion
planningmethodology presented in this project is fundamentally different from the tB@
presentedmodel incorporateghe input data from its outcomedshus, thefollowing section
presents the data used in the case study applications along with the description of the
representation of the future and uncertainties.

3.3 Case studynput data

This section describes the system model and the scenarios employed in the case study
applicationsassociated with Task 8 5 A & i NJ& 0 dzii SR 6f thSpxdip& Key Beadd® dzNI S &
of the scenarios, like the generation and storage fleet, adoptioDBR and retirements of
coakHired power plants, are also detailed. Subsequently,gbetiondelves into the scenario
tree designed for the proposed stochastic model aedcribeghe case study applications.

The system modeltilised for the case study applications of this work is detaild€ignire3.6,
showingthe estimatedinstalled capacitypy 2022 in the NEM for different technologias

well asthe flow paths withexisting andcandidate investment options for transmissiorhis
10-subregionsystem model results from the outcomes of the Inputs, Assumptions and
Scenarios database associated with the 208P[1], [2]. Part of the data used for the
purposes of this work was obtained from the results of the optimal development path found
in the 2022ISR which corresponds to candidate development path number 12.
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Figure3.6 NEM systensulregions andlow paths with candidaténvestment options modellefdr the conducted studies
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The transmission network in the system mogheesented inFigure3.6 considers 11 existing
links between the subregions, whose power transfer capacities are detailBabile3.1. The

list also includes th@roject EnergyConneavhich is under development but is expected to
start operations in 2026. Following the approach from the[1$RKirchoff's voltage law is not
modelled, which is generally not an issue, as the network is mainly radial, except for the loop
between SA, NSW and VIC. This approximation might affect the valuation of investment
options between NSW and VIC.

Table3.1 Characteristics of existing and expected transmiséi@s.

T . . Transfer limit(MW)
Transmission line Region A Region B

AtoB Bto A
CN@>GG CNQ GG 1050 1100
SQ>CNQ SQ CNQ 1000 2100
ONI NNSW SQ 745 1170
Terranora NNSW SQ 50 200
CNSWAENNSW CNSW NNSW 910 1025
CNSWSSNW CNSW SNW 7625 6125
SNSWASCNSW SNSW CNSW 2950 2590
VNI VIC SNSW 1000 400
Heywood VIC SA 650 650
Murraylink VIC SA 220 200
Basslink TAS VIC 478 478
ProjectEnergyConnect SNSW SA 800 800

As AEMO does, the system mouhalludes four types of existing storage systems: bettived

meter storage, coordinated distributed storage, battery storage systems (BESS) and pumped
hydro storage systems (PS) with different charging depths. The effect of bi@ndeter
storage is inclded in the demand profiles. Controllable distributed storage is handled
through an aggregator as a virtual power plant (VPP) with dispatchable capacity only to
perform arbitrage in the systerfi.e., no provision of frequency response)

Regarding the specific detail on tldata management fodistributed storage (behinthe-
meter and controllable distributed storagdayyo modellingoptions are considered(1) non
controllable storage (behinthe-meter). This is based on the "Embedded Energy Storage”
from the IASRH2]. (2) controllable distributed storagevhichis based on the "Aggregated
Energy Storagefrom the IASH2]. For the case studies, when DER can be controllable, the
total "Embedded Energy Storage splitbetween the "nonraggregated” (modelled as a fixed
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profile) and the "aggregated" (modelled as an optimised ¥YPPWhen DER are not
controllable, all the operation is considered as "behthd-meter" (fixed).

Utility-scale storage isrganised ito three categories depending on the duration: shallow,
medium,and deep. Shallow storage considered to last less than 4 hours, medium storage
covers between 4 and 12 hourand deep storage considers every unit above 12 hours of
storage capacity. For existing and new BESS, the roimdfficiency is considered 82% and
72% for PSTable 3.2 summarises the existing utiligcale storage units in the system
considered for the case study applications of this wiorkhe Step Change scenarih is
important to remark that thetotal optimal dispatchable storageas well as generation
capacity identified by AEMO in tt#922ISRis included in thelevelopedmodel as an input
parameter.

Table3.2 Characteristicef existing utilityscale storage units

Unit name Tech Region Z\ézzllzable capaut)(;\zl)\;\;) Z(t')flljcnl:r:?:s Duration (hr)
Deep QLD PS SQ 0 1300 2% 24
Medium QLD BESS SQ 570 1600 84% 10
Shallow QLD BESS CNSW 100 100 84% 15
Deep NSW PS CNSW 160 660 72% 38
Medium NSW BESS CNSW 80 2100 84% 8
Shallow NSW BESS CNSW 50 50 84% 1.5
Snowy 2.0 PS CNSW 0 2040 2% 175
Deep VIC PS VIC 0 720 2% 24
Medium VIC BESS VIC 0 580 84% 8
Shallow VIC BESS VIC 124 380 84% 1.5
Medium SA BESS SA 0 3100 84%

Shallow SA BESS SA 470 470 84%
Deep TAS PS TAS 0 500 2% 22
Medium TAS BESS TAS = = = =

The existing generation units are grouped into clusters of equivalent generators per
technology to increase the computational efficiency of the model while maintaining a good
operational resolution[55] (for further detail on the clusters employed to represent the

4 Theoptimised(operationof the) VPP provides active eneranpitrage services to the system as well as demand
response, in this case, in the form of load shifting. This optimised operation aims to operate offering the major
capacity of the service@ispatching storage or reducing loadhen the grid is most constrained, potentially
increasing the revenues of the VPP duenhypotheticallyhigher marginal costs. In particular, the interaction

with the investment modelling is that the operation of these flexibility servieesild allow reducing the
demand in peak hours in certain buses (depending on the capacity of arbitrage/shifting available). Given that
the peak demand is an important factor that drives new transmission investments, the ability of the operation
of the VPP to reducéne strain in the gridvould defer or displace new investments.
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generation units see Section 3.3.In [54]). Table 3.3 presents the technaconomic
parameters of the synchronous units for 20F2gure3.7 shows the evolution of coal units'
retirements by scenariol o properly represent the retirementd coaltbased generatorghe
generation clusters that include coal units are modified depending on the specific changes in
the generation fleet described in the ODP found in the ISP.

Table3.3 Characteristics of existing synchronous generators

Technology Coal Hydro OCGT CCGT Diesel
Number of units 48 104 85 19 22
Variable cos{$/MWh) 13-30 7.5 117-181 64-100 127478
Startup costs(k$) 27-57 - 0.4-6.5 12-46 -
Rated Powe(MW) 280-744 15144 33219 48-385 31-114
Forced outage ratép.u.) 0.76-0.86 0.97 0.930.94 0.95 0.93
Minimum Stable Generatio(MW) 110330 3-29 11-72 20-190 6-22
Ramp ratgMW/min) 4-8 - 37 2-11 1
Inertia constani(s) 4 25 4 4 4
Min up time(h) 8-16 - - 4-6 -

Nonsynchronous generation is split into largeale wind, largescale solar PV, and
distributed PV, represented as a single unit in each subregion of the system model. The
capacity of thesaunits changes in time to reflect the growth of the installed capacity. To
access the most accurate information about the demand in the system, distributed PV is
modelled as a separate generation unit, hence avoiding the need to subtract it from the
demand in eah subregion. Reference installed capacity for each teclyyodmd scenario is

also obtained from the outcomesf the 2022 ISPL].

NEM Coal-fired generation retirements

Scenarios
20 Slow Change
A === Progressive Change
=== Step Change
15 == Hydrogen Superpower
== = Announced retirements

Available
Coal Capacity (GW)

10

0

2023-24 2028-29 2033-34 2038-39 2043-44 2048-49
Year

Figure3.7 Coalfired capacity retirements by scenarilaboratedirom [1].

To address frequency security, the modallocates primary and secondary frequency
responses. The aim is to maintain a qestsiady state frequency (QSSF) of 49.5 Hz during low
frequency events, using secondary response to return frequency within the allowable dead
band (above 49.85 Hz).

Hourly demand data for the model is sourced fréine database associated wifb6]. The
information is used to run the model considering hourly periddss case study application
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uses a 10% probability of exceedance (R{@B)andscenario As statecarlier, these demand
tracesincorporate the impact of behinthe-meter storage under varied demand conditions.

3.3.1 Operational dataelection

To ensure efficient computation timand presere operational detail, each year under
analysis is represented by a subset of representative weaits hourly resolution This
strategybalancesetween simulatingand representingull annual cycles and maintaining a
manageable computational lodd7], [21] Additionally, his approachieducesthe burden of
simulating all 52 weeks while capturing key system dynarsigsh as the benefits of flexible
technologiesor the hourly variability of demand and VREs previously discussed in Section
2. Operational decisions within each representative week are modelled with hourly
resolution, resulting in 168 periods per week within each scenario tree node.

Theserepresentativeweeks are selected from the 52 available in a yeacompassg a
diversity of demand profiles and renewable generation conditions, capturing both peak and
average periods at both system and state levels. The number of representative weeks can be
scaled according to the specific stugyguirementsand available resources. A comprehensive

list of the weeks chosen for each nodé the scenario treds provided inAppendix A:
Representation of operatiarfor further insightssectionlV delves into the impact omore
stretched operational periods on the planning problem.

3.3.2 DER adoption

The growing adoption of controllable distributed energy resources (DER) is a transformative
trend shaping energy systems worldwialed of particular importance in the Australian NEM
Beyond the traditionalarge-scaletransmission, generation, and storage assets, MM is
progressively incorporatingigher levelof controllable distributed energy resourceshich

are estimated tohave ahigh penetration inthe mediumto long term. Given tis projected

high participationof DER in the systenproper congieration and mod#ing of these
resourcesare crucial forcurrentand futureexpansion planningtudies In particular, ér this

study, we incorporatehe evolving projections of these resources over gtadied period,

using stateby-state forecastdor DERdistributed storage and demand responge)m the

2022 ISP1] (summarsed inFigure3.8).
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Figure38wS3A 2yl f RA&FIANBILGAZY 2F YFEAYdzYY @At otS OF LI OAGA
Step Change scenario.

3.3.3 Investmentoptions

Investment options for the case study applications include transmission lines andsddity
BESSnvestmentrelated cash flowgannuities, discounting, etcare calculated using a 10%
capital cost Themodel allows including investments in real transmission options. Thus, the
transmission investment candidates are the projects considered in the 2022 ISP. Additionally,
the model provides the option to restrict the investment in specific projects due & th
requirement of the existence of another. In this way, the portfolio of candidate options
considersmutually exclusiveand mustfollow options (for further detail regarding this
restriction, see Section 3.3.2[54]).

Table3.4 summarises the parameters for candidates to reinforce the transmission network
For the sake of simplicity, all reinforcement options consider a lifetime of 50 years and a lead
time of 5 years (the time elapsed between the moment the investment is decided and the
moment the asset starts operating). The investment costs presentédhie3.4 correspond

to the overnight capital costs, and it is assumed that these cgstsiot vary in the future.

For a comprehensive breakdown of individual transmission line options, please rédfabl®

BO.1.

Table3.4 Parameter of candidate transmission lines.

_ ) ) Transfer limit(MW) Inv. Cost
Region A Region B N° options ATB BioA (MSIMW)
CNQ GG 1 550 500 0.74

SQ CNQ 3 0-1500 300-1500 0.181.08
NNSW SQ 3 550-1800 8002000 0.481.56
CNSW NNSW 11 5852750 4702750 0.182.72
CNSW SNW 6 600-5000 0-5000 0.183.76
SNSW CNSW 3 20002200 20002200 0.481.51

VIC SNSW 5 19302000 15002000 1.161.52

TAS VIC 2 750 750 1.87-3.17

Somecase studiefor this Taskalso consider additional investment in energy storage systems
(BESS). To maintain the tractability of thy@imisation problemand understand the impact
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