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Executive Summary

As the supplyside of Australianpower systems becomes more weathedependent and energy
constrained due to thegrowing integrationof variable renewable energy (VRE) amkergylimited

resources ELR currentresource adequacy (RAameworksrisk becoming unfit for purposé his is
partly due totheir reliance on deterministic parametersaverag-focusedmetrics and simplified
operational representations of system componetitat arebecomingincreasinglydominant, suchas

energy storage systems (E&89 distributed energy resources (DER

Simultaneously, reliabilitsisksare becomingincreasinglyconcentrated in infrequent yet higimpact
weatherrelated events, rather than in isolated component failuoesier normal conditionsGrowing
exposure to extreme weather, such as heatwaves and thunderstamogases the likelihood of
commonmode failures, therebyequiringa fundamental transformation in the methodologies used
to evaluateadequacy and resilience

Advancing RA frameworks in this context requires a clear understanding of the limitations inherent in
current assumptions and methodologje®llowed by targeted enhancementhat, for example,
reflect the constraints and operationalecisionsof ELRand elucidae the impact of weather orthe
system operationln line with the CSIR@GRPST roadmap, this project addresses these pressing
research needs through three primary pillars: the development of an openrce reliability
assessment toolkit, the establishment of realistic modelling guidelines for ELR, and the definition of
systematic practices for designing scenatim&valuae system resilience. Bse developments are
supported by extensivevidencein particular a range afase studies conducted within the Australian
EastCoast Power SystehNational Electricity Market (NEM)

This researchin Stage 5 of thdPower System Planningpic for the Australian Research in Power
Systems Transition (ARST)initiative was centred around five complementary tasks, as shown in
Figure0.1, with key findings and planning implications synthesisedable0.1. Following this, a
comprehensive summayf the main findings for each task is provided.

V)

Chapters2 &3 Chapter 4 Chapter 5 Chapter 6
Open-source Modelling of Modelling of NEM reliability
reliability energy storage CER and DER risk profile
framework

Chapter 7
Resilience
planning scenarios

Figure0.1: Overview of research tasks E of Stage 5 of the Power System Planning reseduttle ARPST initiativand
corresponding chapters in this report
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Table0.1: Overview of key findings, relevant tasks ahdpters corresponding figures and tabless well as planning

implications.
Key finding Tasks Chapters };%ﬂgé:sz Planning implicatiors
Reliability levels of theNEMbecomesensitive to Storage operation uncertaintyi.e.
storage operation approximations pos203Q . lack of knowledge of storagq
and assumptions about state of charge, chargif B, D 4,6 F!gure4.7 operation behaviourin the future)

A - ) - . Figure4.8 - :
behaviour and dispatch incentives materially should be explicitly represented in
change the estimated reliabilitysk adequacy studies.This may be

achieved by assessing adequac
Storage operation assumptions impact thg across multiple approximations
distribution, timing, and drivers of reliability Figure4.9 Furthermore, operational measure:
events. This sensitivity of adequacy outcomes { B, D 4,6 Figure6.5 to influence storage behaviour
storage operation indicates opportunity fo Figure6.9 should be considered for ensurin
operational measures to ensure reliability. adequacy in the future NEM.
L . Figure5.6 .
DER coordination even at lower compliance] Figure6.6 The Nat!o_rmfal _CER roadm@p and
levels may be fundamental for ensuringl C D E 567 Figure? '17 related lnl'tlatlvgs should _support
reliability in the NEM particularly after 2030 Figure7'19 the effective |mp|emen_tat|qn of
) enhanced DER coordination t
Demand side participation (DSP)nay provide maximise the visbility and
valuable hedging against storage operation controllability O.f customer energy
uncertainty. DSP can defer storage depletiof c 5 Fiqures.10 resources. Universal cons.lljmer
support critical periods, and reduce the spread 9 ’ partl(_:lpatlonmayngt necessarilpe
resource adequacy estimates under stora requw_e.d _to realise systeftevel
operation assumptions. reliability improvements.
While average resource adequacy levels may
remain acceptable for the NEM under the 203 Multi-metric reliability risk
Integrated  System  Plan  (ISP)Optimal frameworks should becomg]
Development Paththere are specific weather D 6 Figure6.3 standard practice.Complementing
years, outage combinations, and operationa Figure6.5 average with tail risk metricsuch as
behaviours that can produce materially highe Conditional Value at Risk (Cvafly
risks, highlighting the importance of an extende! prove valuablein captuiing the full
and taifocused resource adequacy assessmen risk profile This carhelp toidentify
necessarnymeasuresto preparethe
After increased shutdown of thermal generatio system againseverageas well as
post-2030,reliability risks increasingly arise from| tail risk events (e.g. through
low renewable availability and storage depletion| Figure6.5 evaluating investments explicitly
events, rather than from peak demand period D 6 Figure6.7 againsttheir reduction in CVaRjo
alone. In particular,load shedding events cal Fi ure6.8 ensure reliability in a weather
become longer, larger, and harder to anticipa 9 ' dependent, energyimited future
with traditional peak loaebnly resource adequacy NEM.
approaches.
Historical extreme events in the NEM have bee|
reviewed to identify multiple risk driver classes| E 7 Table7.2 ) y
including heatwaves, windstorms, hailstorms, af : Weatherdriven resilience events
flash floods. shouldbe assessed in tandem with
traditional adequacy studies as
Heatwave events may present primarilas a . their impacts maypose largeiskin
capacity constraint rather thara long-duration F|g.ure a highly weatherdependent power
energy drought problem, suggesting that E 7 7.15FIgure | system. The resiliencescenario
increased system flexibility through storaged 7.14 workflow developed in this work
demand responsemay serve as an effective Figure7.17 may provide guidelinego translate
resilience measure. hazard drivers into modelling
parameters affecting generation
Extended VRE droughts may be particular s[orage, transmissian and
sensitive to storage operation approximations £ 7 Figure7.18 renewable availability.
however increased levels of demand respon Figure7.19
may reduce uncertainty.
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Opensource toolkitand datasets for assessing reliability and resilience

Task A developed an opaource modelling and datparsing toolkit to assess resource adequacy,
operability, and resilience in a future NEM dominated by weattegendent and energiimited
resources. The central contribution of this task is a transparssproducible set of modelling
packages that enables researchers, industry stakeholders, and practitioners to conduct extensive
reliability and resilience studies in the NEM.

The toolkit converts public ISP ambputs Assumptions, and Scenarios RepdASR data into
structured models of the Australian easbast power system for planning studies. It supports both
probabilistic adequacy assessments and more detailed operational analysis, allowing testing of
different modelling assumptions. The opseaurce tmlkit is built around four complementary
packages and an integrated repository that orchestrates their kigeire0.2 presents the overarching
architecture of the developed modelling suite.

O

NEM-reliability-suite

System operability frameworks
SiennaNEM. jl
SchedNEM. jl

(‘b AEMO Julia data parser of
E the ISP

Integrated System Plan ParseISP.jl

public data

Resource adequacy
framework

PRASNEM. j1

Figure0.2: General overview of the NEM reliability suite architecture.

ParselSP.provides the datgparsing layer. It extracts and structures ISP and IASR data into datasets
suitable for planning and reliability modelling, including conventional and renewable generation,
storage, transmission, DER, demand, and hydro inflows.

PRASNEM.jprovides the probabilistic resource adequacy layer. It usesPiababilistic Resource
Adequacy Suite RRAY simulation engine to perform sequential Monte Carlo simulations of
infrastructure outages. This enables efficient creation and evaluation of a large set of outage and
weather combinations, from which probabilistic resource adequacy metrics, such aseshsgergy

and eventlevel statistics, can be derived.

SiennaNEM.provides a more detailed productiecost and operational modelling layer. It supports
economic dispatch and unit commitment formulations, with operational constraints such as ramping,
minimum up/down times, renewable curtailment, storage operatiand network transfer limits.

SchedNEM ,jas an alternative to SiennaNEMgjtpvides a lightweight, flexibjand faster operational
systemscheduling framework. It is designed to bridge the gap between-scgke adequacsunsand

detailed operational representation. provides arolling-horizon dispatchthat considersenergy
storage constraints and limited foresight demand responseand intertemporal component
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scheduling, making it particularly useful for testing storage and DER behaviour under different
assumptions.

Time-sequentialresourceadequacy assessment with storage and operability considerations

Task Bstudieshow the operationand representatiorof storage facilitiesmpactresource adequacy
assessments as storage becomes increasingly widespread and a relevant contributor to system
reliability. Unlike conventional firm generation, storage systems cannot contribute to resource
adequacy purely through their installed capacityheir contribution depends on whether sufficient
energy is available during critical periods, whether they have been charged in advance, how they
respond to different marketignals, and the degree operatorforesight and risk aversiargarding

future system conditions.

This makes storage operation a critical modelling assumption for modern power systems and an
emerging risk factor for future resource adequacy studies. If storage is assumed to preserve energy
for reliability events or higllemand periods, it may appear to provide substantial firming value.
However, if the same resource is operairtording toeconomic principles unddimited foresight,

it might begin critical operating periods with a lowtran-expected state of chargepotentially
contributingless to eliability.

To assessuch uncertainty, Task B develops a storage modelling framework émablesthe
comparison ofapproximationgo storage operations. In thigsk three assumptions are considered:
I miEghdHergybperation(i.e., a state of charge reserved for peak load peridds) deratédenergyQ
operationy | Y R eécaenami€¥peration These casesmulate a spectrum ofplausible storage
behavioury HAWW K S g8 Bdsahi Adsimplified storage operation under reliability obligations
potentially through capacity market accreditatignthereby representing anadequacyoptimistic
dispatch S NJ G S R inSlud&INEG & lspenEiplestaken in reliability studies of the NEMvhich
balanceghe optimistic simplified dispatch witteduced energy capacity levelBO2 y 2 YA O 2 LIS NI (0 A
simulatesstorage behavioubased onenergyarbitrage a commercially driven operation with no
capacity obligationlmportantly, all these apmraches remain approximations of the actual realised
operation, ageal operation isshapedby heterogeneous actors and mée driven by various other
factors(such adifferent levels of riskaversionor financial contracts and obligations)

The first key findingn this taskisthat storageoperation assumptions become increasingdievantas
storage emerges as a domingpéart of the resource mixBefore 2030as shown irFigure0.3, the
differing assumptiondetween storage modellingpproximationshave a relatively limited effect on
resource adequacy metrics (the expected value and the 95@/aR of the unserved energy,
respectively) After 2030, as thermal capacity retires and storagstens make upa largershare of
the capacity mixsuchan extended range ohssumptionscould begin to materiallyaffect reliability
studies
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Figure0.3: NEM reliability risk profile (USE, C¥aRunder storage modelling approximatiofsote the different scales)

As a consequencdifferingapproximationsabout storage operéions might underestimatereliability
risks. For example, nderthe highenergy(high stateof-charge)assumption, storage is kept as full as
possible and discharged primardyringpeakdemand period$o avoid unserved energy, resulting in
low USE levels. Undtre deratedenergymodellingassumption, reliability risk increasbut remains
limited and within the standard Underan economially driven operation, howeverthe expected
unserved energy rises materially after 2030 arudild exceed the reliability standard in later years
under the assumptionsf the study

Moreover, sorage operations couldaffect not only the average level of unserved enebgy also
influence the longer tail of the reliability risk distribution For example, a subset of storage
assumptionsyields shortfall eventsof smaller magnitude and potentially more manageabin
economiallydrivenoperationproducesa more dispersed distribution with more pronounced tadls

shown inFigure0.3(b). This indicates that planning decisions based only on average USE may overlook
important changes in the severity and variability of reliability risk.

Overall, these results highlight a direct link between reliability planning assumptions and operations
that are closer to redime. If reliability planning studies assume an adequaidgnted storage
behaviour, but market incentives lead storage to digglkaearlier or later, or to maintain lower states

of charge, a system dominated by storage may require more frequent operational interventions than
expected at the planning stage. Conversely, if storage is expected to provide reliability support, market
design, reliability obligations, capacity mechanisms, or operational tools may be needed to align
storage behaviour with resource adequacy needs.

Regardingthe modelling choice, the findingsf this task(and confirmed by thefollowing tasks)

underscore that operational representatiam reliability planninghould be carefullhandled Models

that simplify storagebehaviourin a way thatmay not bereflected in realoperation6 S®3® (1 KS WK
SYySNBE&Q | LiLan@nergyonly tnarktsettingsuch as the NEMjnay beespecially unfit to

capture the actual underlyingrisk. KA £ S G KS WwWSO2y 2 YA O ofghiJgepdrtisauz y Q I LIL
best approach and suggestifor representng system operatiorat this stage, further work is needed

to benchmark and compare modelling assumptions. Utilising multiple operational approximations

may be the most suited approach to capture adequacy risk in planning models.
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As a complementary resulEigure0.4 presents thefull probability distribution of reliability events

with material impacts on unserved enerdyor instance, nderi K S WR S NJ ap@dRimafion,S NH & Q
the risk distribution is concentrated around lowenagnitude events, suggesting a limited impact on
systemreliability. In contrastii KS WS 02 y 2 Ydp@@imatidrdéxNibitsi & rBoye dispersed
distribution with a longer tail, indicating a greater likelihood m@iability eventswith higher
magnitude
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Figure0.4 Distribution of annual USE per sample across the different underlying planning years, as well as storage
operation assumptions.

Overall, the analysis of the full distribution shows that assumptabut storage opertions at the
planning stagean materially reshape the reliability risk profile. In particular, assumptions that storage
behaviour can be representeda®k A I Kf & ¢ laksBbiRsingeémodelfafpéoximations become
increasingly difficult to justify as storage penetration rises. This issue is further amplifiegbeectice,
storage operators increasingly rely on automated bidding algorithimis dzii 2 6,AwRi¢h®#& ¢
specificcommercialprinciples, making storage behaviour more dispersed, reverngented, and
difficult to anticipate from a system adequacy perspective.

Therefore, these results suggest that future resource adequacy studies in stachgystems should
explicitly account founcertainty instorage behaviourThis dimensionas shown ifrigure0.5, should

be considered alongside established sources of uncertainty, suc$toahasticgeneration and
transmissioninfrastructure outages, as well as weathdriven variability inload and renewable
generation.
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Storage A

operation o
Probabilistic
infrastructure

Weather outages
and demand E

variability and
events

Figure0.5: Stylised representation of dimensions of fundamental uncertainties for adequacy assessments in weather
dependent systems dominated by storage.

Benefits, opportunities, and risks associated with CER and DER for resource adequacy

Task C assessed how consumer energy resources (CER) and distributed energy resourmas{DER)
contribute to resource adequacy in a future NEMwvhichtheseassetsconstitutea significant share

of the resource mixThis task advancedunderstanding of the opportunities, benefits, and risks
associated with DER for resource adequacy, as well as the moddibimes needed to realistically
study their contribution. The focus is on DER with material relevance at the syspamation level,
including rooftopPV, electric vehicleEV) distributed storage aggregated through virtual power
plants (VPPs), and demasitle participation.

This analysis is motivated by a central planning challenge: as the NEM transitions toward higher shares
of VRE storage, andERresource adequacwill increasingly depend not only on installed capacity,

but also on whether flexible resources are visible, coordinated, available, and operationally aligned
with system needs. DER can provamaterial reliabilitycontribution, butit depends on lie type of
technology location, energy availability, consumeillingness to participatenetwork constraints,

and the extent to which resources can be coordinaseml respondiuring critical periods.

The work first reviewed the contribution mechanisms of different DER cless®snarised as follows:

9 Distributed generation especially rooftop PV, can reduce net demand, but its contribution
resource adequacis weatherdependent and may be limited during critical periods with low
solar availability. In addition, distributed generation can present operational risks if units
disconnect unexpectedly during voltage or frequency disturbances.

9 Distributed storagecan provide suppottb resourceadequacy by shifting energyut its value
depends strongly on whether it is operatediependentlyfor localpurposesor coordinated
through aggregators or VPPs.

1 Demand flexibility including EV charging reduction, load shifting, and densadel
participation, canhelp in redudng system stress during periods @eak load but its
contribution highlydepends on consumaewillingness to participate

A key insight from the literature is thddERobservabilityand controllability (broadly grouped as
coordinatior) are fundamental to unlocking the value of DER for resource adequacy. Without these
features, DER may contribute to local supply or support peak $bagling butmay not necessarily
respond during critical periods with a systdevel contribution. As power systems transition toward
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being VRElominated, reliability incidents may not always coincide with traditional peak demand;
instead, they may occur during combinations of high demand, low renewable availability, outages,
and depleted storage. Consequently, DER must receive appi@pjgerational signals, whether
through markets, aggregators, reliability mechanisms, or operational instructions, to provide support
when the system is under stress.

The review of modelling practices found no broad consensumerDERarerepresentedn adequacy
assessments3ystem operatorsvorldwide use a range of methods. Sorimaplicitly incorporate DER

into demand traces; some model demand response as stgiiy capacityand others explicitly
represent flexible technologies such as EVs, heat pumps, distributed batteries, and industrial demand
response, with operational constraints.

Building on this review, thevork under thistask developed a DER modelling framework aligned with
AEMO data availability and the broader adequacy workflow developed in the prdjeet.main
modelling developed is characterised as follows.

1 Rooftop PVis representedby generation profiles, with network effects already reflected in
tracesO2f ft SOGSR FTNRBY | 9ah Qe agdiegated tteiced amxiditix f | 6 f S
representedand includedacross altases.

1 EV flexibilityis modelled astime-varying loadwith charging profilesourced from the ISRs
an upper boundUncontrolled EV charging iiscluded inthe baseload, and EV flexibility is
explicitlyenabled in the sensitivity studigly allowingreduction ofEVload ofeither 25% or
50% of theEVchargingdemand tocapturelow- and highcompliance scenarios.

1 VPPsare represented as aggregated embedded storagea subregionalgranularity and
explicitlyaddedto the supplyside systenwith 50% and 100%apacity represeningdifferent
levels of VPP coordination.

1 Demandside participation(demand responsayas modelled as a constargriceresponsive
load-reduction capacity acrosdifferentiated price bandsand added witheither 50% and
100% capacity compliance, and a daily energy limit on the reliability response to avoid
unrealisticbehaviour

Thismodelling enabkd the case studies in thisask to test how different DER technologies and
coordination levels affect both average reliability outcomes and exposure to tail risks.

The case study assessed tresource adequacy of thBlEM between 2025 and 2040 under the
resource buildoufor the 2024 ISFStep Changscenario. Specific operational conditiomere selected
to test adequacy under different weather and demasdenarios including a low renewable
availability year with high demandlhe supplysideonly case included utiliiscale resources,
interconnectos, and rooftop PYassumingfixed EV chargingho VPPunits and no demandside
participation DER coordination optiorf&V flexibility, added VPorage, orenabledDSPvere then
introducedindividually and in combination to evaluate their incremental contribution to adequacy.

The results show thaupply-side resources alone may be insufficient to maintain adequacy in later
planning years,particularly after 2030 as thermal capacity retires and the system becomes
increasingly dependent on VRE and storage. As showfigure 0.6, average unserved energy
increases strongly across the planning horizon, while the tail risk in the worst 5% of cases rises even
more sharply. This indicates that adequacy risk is not only increasing on average, but also becoming
more concentrated in severeutage and lowenewableavailability conditions.
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Figure0.6: NEMwide average risk (left) and tail risk (right) results of the supply-case compared tdifferent DER
coordination scenarios across the planning years.

Across allthe different DER coordination cases, demaside flexibility materially reduces both
average and tail adequacy risk, with the largest benefits emerging in the2p88tperiod. The relative
changes shown iRigure0.7 highlight that EV flexibility, VPP coordination, and DSP can all contribute
meaningfully, even wheconsumerparticipation or compliance is partial. A kiekeawayis thateven
modest levels of flexibleDERIN the NEMmay deliver substantial reliability valugsuggesting that

full coordination of all DER is no¢cessarilyequired for systerdevel adequacy benefits to emerge.
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Figure0.7: Relative change in adequacy metnesueswith added demand flexibility for the planning years 2035 and 2040.
Note that the relative change is not shown for the earlier years due to the lower number of underlying risk events.

The technologspecificcase studieshow that EV flexibility can provide strong adequacy support
through relatively simple load reduction during critical periods, without requinoge sophisticated
vehicleto-grid V2GQ mechanismsVPPs also reduce adequacy risk, but their contribution is more
sensitive to energy availability and storage operating assumptions, as illustrategline0.8: Therisk
reduction due to VPP coordinatiorreduces whenl LJLJt @ Ay 3 GKS WRSNI (SR
2LISNI GA2YyQ |ColitdMPte thiyderahdzigedparticipation (DSP; i.e., pricesponsive
loadreduction as defined by AEMO) appears particularly valuable for hedging against uncertainty in
storage operationsWhenenablingprice-responsivedemand responseat lower price bandgin the
wSO2y 2 YA O, BRPXaMpravaadlefadadditionallyby preserving storage for later critical

(V)]
<
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periods. This suggests that while VPPs may provide broader market benefits, their reliability
contribution depends strongly on whether sufficient energy is available during critical periods,
especially in lowRE weather years.

VPP | Al: High energy
VPP | A2: Derated energy
VPP | A3: Economic operation
DSP | Al: High energy
DSP | A2: Derated energy
DSP | A3: Economic operation

=25

-50

=75

Change in average annual USE [%]

—100

2035 2040

Figure0.8: Relative changa average annual USE from 100% VPP or 100% DSP coordination, as represented under
different operational approximations for energy storage systems

Furthermore, DER coordinationmay be especially valuable inveather years with low VRE
availability. As shown irFigure0.9, all demand side resources (EV flexibifM§P coordination, DSP
enablementkeffectively reduce the extended tail inglassessewveather yearHowever, even though

the added capacity of VP®is significantly greater than of EV flexibilignd DSP their reliability
contribution depends strongly on whether sufficient energy is available during critical periods,
especially in lowRE weather yeardhis suggests thavhile VPPs may provide broader market
benefits, their reliability contribution depends strongly on whether sufficient energy is available
during critical periods, espetly in lowVRE weather year€On the other hand, DSBppears
particularly valuable for mitigating tail reliability rislserving as an effective hedge fare events.
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Low VRE availability (reference weather year 2011)

—_ 10.0 r
= Supply case
'*"t‘ 50% EV
o 100% VPP
w 1.0 — 1 00% DSP
=
Q
=
v g1t
y—
o
.
3
[= 0.01
3
=
L 1 1 'l L === 1 1
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75

High VRE availability (reference weather year 2019)

__ 100

5 ———— Supply case

s 50% EV

it B 100% VPP

w Lor 100% DSP

F=3

c

@ L

=

R

Y

o l

}

3

€ 001 L

=]

Z '} 1 '} 1 '} 1 L 1 1 1 1 'l 1 1 1
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75

Recorded USE per load shedding event [GWh]

Figure0.9: Distribution of unserved energy (USE) events in planning year 2040 with different levels of DER penetrations and

62 RAFFSNBY(G 6SIFGKSNI @S NB dzy RSNJ a2 NI 3-8xisasloifaNdgarithriio/ | & & dzY L.

scale.

Overall, theresults for this taskuggest that any degree of coordinated demand flexibiiitgluding
reduction of EV charging VPP coordination, or DSRiay becomea relevant contributionfor
maintaining reliability in a weathetependentandstoragedominated NEM.

Reliability risk profile of theAustralian National Electricity Market

As coalfired generation retires and the NEM transitions towards a system dominated by VRE and
storage, the underlying factors influencing reliability siskre undergoing a fundamental
transformation. Conventional adequacy frameworks, which are basextamtices thakevaluat peak
demand periods and installed firm capacity, are insufficient to characterise a siysteich weather
variability and strategies for storage operation, rather than installed capacity aldetermine
resource adequacy.

Task Dconsolidatesdevelopments from previous taske provide a structuredand transparent
characterisation of théb 9 a feBability risk profile hrough 2040. The methodoldagal approach
integrates the developed operability frameworksin particular SchedNENM, with the adequacy
enging PRASNEN, drawingdatafrom public ISP sourcesaParselSH.
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TheNEMwide reliability isinitially assessedhroughl W6l 4 S OIlTEY0l 48 6S OheBlB 2 dza &
projected infrastructure buildout from the 2024 ISRep Changscenario, includingevelopments for

generation, transmission, storage, and DER, across the plahoimmpn20252040. The assessment

considers 13 historical reference weatrsmenariog2011to 2023), both demand tracgzrovided by

the ISPdefined by their respective probability of exceedance (POE) of 10% andd&@$d)00 outage

samples representing thermal generator and transmissiondutages Distributed P\and VPPs are

explicitly moelled within the framework. In addition, three alternative approximatidos storage

operatiors are evaluated to examine how storage scheduling assumptions influence adequacy
outcomes and reliability risk

In first placethe NEMmeets the reliability standard on average, but the reliability risk profé@ows

important changes in both its shape and the magnitude of events Under the expected ISP

infrastructure buildout, the NEM complies with the reliability standard on an anraarage basis
acrosghe 20252040planninghorizon, as shown iRigure0.10.
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Figure0.10: Annual normalised average unserved endrgWNEM region in the base case.

However,the underlying reliability risk is increasingly weathairiven: someweather scenarios,
modelled through historical weather years, avell above the standardvhile othersshowalmost no
unserved energyHigure0.11). As a matter of fact, systemeliability after 2030depends on weather
conditions in ways it did not iathermaldominated system, ancesource adequacgneasured only
viaaveragemetricsmasksand dilutesa much wider distribution ofisk
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Figure0.11: NEMwide normalised average unserved energy (USE) per reference year in the base case.

Loadshedding events could become longer, larger and more frequent, and tailsrisuldgrow
faster than theaverage Across magnitude, duration and frequenalyreliability eventstail metrics
rise more steeply than averages, particularly after 2QBi@ure0.12). Moreover, te tail of event
durationsgrowsmore pronounced signalling thativerageadequacy metrics alone are increasingly
unsuitable for a storageand weatherdominated systemThese changes adgiven by the underlying
resource mix and demand tracashichrepresenta systenthat respondsmore sensitivao weather
conditionsthan thecurrentthermal dominated\NEM.
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Figure0.12. NEMwide reliability risk measured across all weatdemand reference traces.
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Storage operation assumptions are becoming a fimter source ofuncertainty in resource
adequag. The three storage approximatiomsder studydiverge materially in both the magnitude
and timing of risk events. Underderatedenergy operatior(A2) assumptionevents cluster around
high residualdlemand periods; under economic operati¢h3) which reflects an energgnly market
with imperfect foresight, events align more strongly with periods of preceding low state of charge
(Figure0.13).
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Figure0.13: Distribution of risk events with recorded unserved energy (USE) in 2040 across the NEM under the three
different storage operation approximations introduced in chapter 4.

Start times for shortfall events also exhibit a notable shifivoving from predominantly evening peaks

in 2025 and 2030 toward morning peaks and Jaight hours as storage state of charge becoraes
binding constraint Figure 0.14). As these differences are strongly driven by storage operating
behaviour, no single storage representation should be assumed to fully capture future system
adequacy outcomes. Instead, range ofstorage operation approximations may be required to
adequately characterise the range of potential reliability risks.
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Figure0.14: Distribution of start time of observed load shedding events across all wedgh®and reference years, as well
as under different storage operation approximations.

Peak demand is no longer the only risk driv@&eriodswith highnet demand remain a central risk in

2035 and 2040, supporting traditional planning focus on pgak®bserved ifkigure0.15. However,

an increasing share of USE events occurs at residual demand levels as low as 60% of the annual peak.
This reinforcesrecent theoretical findings and practical observatiahst adequacy frameworks

focused exclusively on pe@dad conditions may overlook material reliability rishkat emergeduring
lower-demand periods. Consequently, reliability assessments and mitigation measures should extend
throughoutthe full daily cycle, including nighttime and [&RE conditions.

2025 2030 2035 2040
00100 opwo | 00100 | 00100 8
; 00075 -

0.0075 | 0.0075 0.0075

0.0050 | 0.0050 [ ) 0.0050 : 0.0050 |

Event USE [%)]

00025 | ® 0.0025 0.0025 0.0025 |

°® ° e o
. o
0.0000 n L ee Idﬁ % L , 0.0000 i e i -75 o, 00000 | ; 0.0000 j
50 60 70 80 90 100 50 60 70 80 90 100 50 60 70 80 90 100 50 60 70 80 90 100
Demand - Distributed PV [% of max] Demand - Distributed PV [% of max] Demand - Distributed PV [% of max] Demand - Distributed PV [% of max

Figure0.15: Distribution of evenltevel unserved energy (USE) with respect to underlying demand minus distributed PV
generation at the start of the event, under the economic operation storage approximation.

In summary, the pos2030 NEM is likely to be characterised by weatthdéven and storage
dependent reliability risks, with outcomes becoming increasingly sensitive to operational and
regulatory decisions. Robusiystemplanning therefore, requires adequacy assessments acrass
range ofassumptionsfor storage operating regimegeliability frameworksthat extend beyond
assessingpeakdemand periods, and recognition that policy settings, particularly those shaping
storage incentives and behaviour, can ditg influence system reliability. The main actionable
insights from the reliability risk profile of the NEM can be summarised as follows:

1 Employa range of plausiblapproximationgo storage opeations in adequacy assessments.
No single representatioaf the storageoperating regimecaptures alimplications for system
reliability, and comparing different operating assumptions helps identify the range of possible
reliability outcomes andhe required mitigation measures.

1 Expandthe assessmento determine mitigation and operational measuresinder reliability
frameworksbeyond peakdemand periods. Reliability risksuldincreasingly emerge during
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early morningsnighttime hours and periods ofmoderate demand, requiring more flexible
operational triggers an@otential interventioncapabilities

1 Treatstorage operating regimeas a policy and market design issue. Mechanisms such as
capacity obligationsvisibility of stateof-charge(SoC)or minimum SoCrequirementsmight
reducethe exposure and materialisation tdil riskswhile also improvinghe confidenceof
stakeholdersn resourceadequacy assessments.

Scenario design for resiliencudies and system stress testing

As theeast coast Australiapower system becomes increasingly dominated by weatlegrendent
VREand energyimited resources, the traditional reliability planning framewankay become
insufficient to characterise emergingeather risks. While reliability assessments evaluate system
performance under foreseeable operating conditions, they doatlotressextreme events that exceed
conventional planning criteria.

As thermal generation retires and the NEM becomes increasingly dependent on welaitren
resources, reliability risks are becoming concentrated in infrequent yetihighct weathefrelated
events such as heatwaves, windstorms, droughts, and their compound effatter than in isolated
component failures. These extreme events can trigger commode failures across multiple asset
types and geographic regions simultaneously. A unified planning framework integrating both reliability
and resilience persggtives is therefore essential.

To establish this integrated approache work underTask Eeviews definitions and current practices

for both reliability and resiliencplanningacross international standards and system operators. This
review highlightedthat while reliability planning is wedistablished and mandatory, resilience
planning remains nascent and inconsistently applied. For a future NEM dominated by weather
dependent resources, both perspectives are necessary.

To understand resilience challenges specific to Australia, we conducted a comprehensive survey of
historical extreme events affecting the east coast power sysfEms survey identified multiplask

driver classesincludingheatwaves, windstorms, hailstorms, and flash flocaisd their impacts on
specific hazardasshown inTable0.2.

Table0.2: Reviewed historical extreme events in the NEM

Hazard - Driver -
Heat wave Windstorm Hailstorm Flash flood
High Ambient
Tegmperature SA02/L7
High Front Wind Speed VIC02/24 SA09/16 NSW10/24
Smog VIG01/07
Hail SA09/16 NSW10/24
Lightning TAS02/15 SAQ09/16 QLDB11/25
Flood SAQ9/16 QLD02/22
Bush Fire NSWO01/20
Low Wind Speed SA02/17
Drought NSWO06/07

Based on this evidencéhe work under Task E developedstructured methodology to represent
external risk drivers in resilience studies. The framework transktegenousveather hazards into
endogenoussystem parameters through three sequential stages: (1) data collection and hazard
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guantification, (2) driver determination and inpuparametristion, and (3) integration into
operational and adequacy models. The framework explicitly distinguishes between drivers (underlying
hazard conditions), triggers (instantaneous outage initiators), and events (cascading consequences),
enabling transparent,\@dencebased scenario desigAn overview of the framework is presented in
Figure0.16..

Climate and
Weather Data

Historical events

e

Reports Replication

Pt -

Hazard Quantification

-

Driver Determination

-

Input Parametrisation
e
Iriggers . Events Identification

Identification

System Operation Assessment

Figure0.16: Overview of the proposed workflow for the des@jrscenarios to assess system resilience.

To demonstratethe practical applicability athis methodology, we conducted a detailed resilience
case study focused on an extreme heatwave scenario in 204the Australian east coasiVe
collected highresolution meteorological datkkom the European Centre for MediwRange Weather
Forecasts ReanalysiS (ERA5) andhe Australian Community Climate and Earth System Simulator
Coupled Model ZACCESSM2 with sufficient spatial granularity to represent realistic geographic
variation across the NEM's rewable energy zone3heappliedspatialgranularityis shown in Figure

0.17. Rather than applying uniform derating, spatially resolved parametrisation functicar®
developed for transmission lines, thermal generators, wind turbines, and solar PV, reflecting
componentspecific thermal sensitivities.
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Figure0.18: Potential deratingn NEMwide generation capacity driven by an extreme heatwave in 2040 by type of
generation considering external climate and weather forecasts, systersatigponent level impagiarametrisation, as
well as input referenceeathertraces

To further characterise the risk introducég deratings acrosdifferent system componentsand to
identify the most relevant metrics for capturing the specific risk of an extreme heatwave, we compare
average and tail metrics, as shownFigure0.19. The comparison reveals that the change in tail risk

is concentrated in an increase in magnitude rather than in duration or frequency, suggestitigethat
heatwavein this work presents a capacity constraint problemwhere thereis missing capacityor

two to three hours, rather than along-duration energydrought. This also implies that CVaR USE, as
an energybased metric, is best suited to capturing the tail risk of extremedagt events.
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Figure0.19: Comparison of NEMide average (left) and tail (right) metrics of unserved energy (USE), loss of load hours
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the 98 percentile. The energy results are normalised for the thmeath simulation period (JanuagMarch).

A second key findinfjom Figure0.19is that the potential derating of thermal generah maytrigger

a condition oflack ofavailablecapacity during a narrotime window. Although we can sesignificant
capacityderatingof wind farms in Figure0.18, no significant change in risk due to VRE derating was
obsewed inFigure0.19to the different time period of the deratin@and therefore different underlying
demand conditions)While thisobservation may bstrongly dependent on thepecificevent studied

it suggestghat resilience against heatwaves may be best addressed through flexible catbetity
helpsincreaseavailablecapacity duringpeakoperationaldemand This flexibility can take the forof
storage and demand responses well a®perational measures that respond during critical hoilitss
finding is supported by a sensitivityase,assumingl00%VPP coordinationwhere the unserved
energyrisk in this periods preventedby shifting VREenergy into the critical period, highlighting the
fundamentalrole of storage even under resilience scenarios.

Complementary to the heatwave analysigad representing an increasingrinsicsystemstressorwe
examinedsystemresilience toan extended period of low VRE availabiligigure0.20 presents the
NEMwide average an@aRUSHnetricsobserved under thelescribedow-VRE period
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Based orthe resultsof Figure0.20, we found that VRE drought riskay behighly sensitive to storage
operation assumptions with tail risk being evenmore dispersed across storage operation
approximationsln particular, the analysis shows thestposure to VRE drought risk emerdgghest
under the 2040 resource mixyhere higher storage penetration ancetirements of thermal
generationleave the systenpotentially more vulnerable to weatheconditions

While a 3day VRE droughi the NEMcould havea limited effect on averaged/SEa more severe-7

day event significantly increases adequacy risk, with the extent of that increase depending strongly on
how storage operation is representednder the High-energyassumption, materiateliability risk

only emerges during the most extreme drought conditions. In contrast,keatedenergyand
Wconomicoperationstorage approximationsreveal more substantighdequacyrisks under more
moderate droughts Tail-risk metrics diverge even more strongly betweestorage assumptions
howeverdemandside participationmay beable to reducethis uncertainty. These results highlight

the importance of explicitiaccountng for uncertaintyin storage operationsvhen assessing system
resilience to prolonged energgonstrained events.
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Glossary

AEMC
AEMO

Australian Energy Market Commission
Australian Energy Market Operator

ARPST Australian Research in Power Systems Transition

BESS
CER
CSIRO
DER
DNSP
DR
DSP
ECMC
EENS
ELCC
ELR
ENS
ESS
ESOO
EUE
EV
FOR
GPG
HP
IASR
ISP
ISON
LOLE
LOH
LOIP
NEM
NLR
NSMS
PHES

Battery energy storage systems

Consumer energy resources

Commonwealth Scientific and Industrial Research Organisation
Distributed energy resources

Distribution network service provider

Demand response

Demandside participation

Energy and Climate Change Ministerial Council
Expected energy not supplieéguivalent to EUE
Effective load carrying capability

Energylimited resources

Energy not supplied

Energy storage systems

Electricity Statement of Opportunities
Expected unserved energgquivalent to EENS
Electric vehicle

Forcedoutagerate

Gaspowered generators

Heat Pump

Inputs, Assumptions and Scenarios Report
Integrated System Plan

International System Operator Network
Lossof-load expectation

Lossof-loadhours

Lossof-load probability

National Electricity Market

National Laboratory of the Rockies
Non-sequentialMonte Carlosimulation

Pumped hydro energy storage

ParselSPParser of the Integrated System Plan

PRAS
POE
PV
RA
REZ
RY
SMCS
SME
VPP
VRE

Probabilistic Resource Adequacy Suite
Probability ofexceedance

Photovoltaic

Resource adequacy

Renewable energy zone

Reference year (i.e. historical year)
Sequential Monte Carlsmulation
Subject matter expert

Virtual power plant

Variable renewable energy
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1 Introduction

1.1 Research context

Australiais rapidly transitioning towardsnergy systems dominated Bybstantial variable renewable
energy (VREndenergylimited resources (ELRuUch as energy storage systems JE®8 distributed
energy resources (DER)

This transitiorintroduces new risk factors that couldndamentallychangethe & & & (i riSRpiofiles,
challenging theunderlyingassumptionsand suitabilityof existingreliability planningframeworks As

the resource mix becomes increasingly weatbiependent and energgonstrained, current
approaches and toolfor assessing resource adequadyuilt on assumptions of average conditions,
deterministic parameters, and simplified representations of system behaviour, such as storage
operation under perfect foresighare no longer sufficient to captuttbeir energylimited nature.

At the same time, reliability risks are increasingly concentrated in rarhigbimpact, compounded
weatherdriven events, rather tham singlecomponentfailures Asthe exposure to extreme weather
such as heatwaves, thunderstorms, and drouginsght intensify, supply infrastructure becomes
more susceptible to commemode failures.This new landscapeunderscores the need for a
fundamental evolution in how resource adequd&A)and system resilience are assesgednform
a resourcemixthat can withstandadverse operating conditioracross a widening range gk factors

Advancimg resource adequacy assessment in this context requiresdiestifying theshortcomingof
existing approacheand their underlying assumptione then determiningtargeted methodological
improvementsfor RA proceduresThis in turn, would enable a more robust evaluation of the extent

to which energylimited resources, such d&8SS and DER can contribute to an optimal resource mix
that alongside VRE, can reliably replageingconventionalgeneration.This remains a highly complex
task, as the rarketdriven operation of ESS and DER does not necessarily fully align with the
operationalassumptionf current RAframeworks

In line with the CSIR@GRPST research roadmap, this project addresses critsalurce adequacy
challenges to determine the impacts and merits of flexible, eneaystrained technologies in
achieving a reliable resource mix. Core contributions of the project include developing asaree
toolkit for studying reliability in systems with deep mration of VRE and ELfRe identification of
modellingstepsto realistically assess their contribution@adequacyanddetermining suitable metrics
to quantfy reliability risks that power systems could face in the coming years.

The resulting insights and tools assist stakeholders, in identifying and addressing potential deficiencies
within Australia's current power system reliability framework. Furthermore, the project outcomes
offer technical evidence to underpin future methodgical enhancements, ultimately promoting
timely investment and the operation of an appropriate mixafiable, storage, and firmesources to
ensure system reliability.

1Resource adequacy encompasses the {@mm planning perspective of reliability: Resource adequacy studies the potential risks to supply
infrastructure and whether there will be sufficient available resources to meet electricity demand. In Austral@atbisoften referred to
as reliabilityg in contrast to security, which is an operational requirement for supplying demand.
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1.2 Objectives of the research project

This stage of research under the -RBT roadmap aligns with the resource adequacy component
within the broader domain of power system planning. The objectives of this research are guided by
the originalroadmag projects outlined below.

A.

Develop an opersource modelling and implementation framework, including models and datasets, to
efficiently perform resource adequacy and resilience studies of the NEM with system operability
considerationsFlanning roadmayg Research projed@2S1P1L

Investigate the methodological and modelling steps for developing a-sieggiential framework for
resource adequacy and resilience assessments with operability considerations, addressing the
complexities of temporal variation in renewable output and the nagement of energy storage
(Planning roadmajg Research projed®3S4P)1L

Propose glanningoriented model for integrating and assessing the role of CER and DER in resource
adequacy and resilience assessment framewofanhing roadmap; Research projectR3S4P2
R5S3Pp

Analyse the changing reliability risk profile of the NEM across various scenarios through relevant
metrics, addressing an ult@eep penetration of VRE, energy storage and DERRIEBR(ng roadmap
¢ Research projecR3S1P,IR3S3PR

Determine the methodological steps, relevant drivers and assumptions for developing suitable
scenarios to plan for resilience under deep penetration of VRE, storage andPlBRir(g roadmayg,
Research projecR1S2PIR3S2PL

Tablel.1l reports eaclStage 5 research task's contribution to the-RET research roadmap, alongside
cumulative progress to date. Roadmap activities that have not progressed across Stages 1 to 5 are
excluded.

2L Zhang, S. Puschadvengreen, G. Liu, R. Laird, and P. Mancarella. Australia's Global Power System Transformation Research Roadmap.
¢ 2LIA O n Y htéps:/fwvhvwiogivh.WuR/dedia/EF/Files/GPSRoadmap/Topigl-PlanningReport.pdf
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Tablel.1 Total gogress for the research activitiasthe end of this project stage. The reported percentages reflect

progress achieved during this staged cumulative progress across all stage@sadmap activities that have not progressed

across Stages 1 to 5 are excluded.

RESEARCH
PROGRAMME
(R)

STREAM (S)

CODE

PROJECT (P)

Total
FTE

Completed
FTE

Contribution of
Stage 50
roadmap

Cumulative
roadmap
progress

Stages
involved

1. Longterm

Scenario development
for planning studies

R1S1P3

Modelling longterm uncertainty in power
system planning with the consideration of HI
events (adequacy and security) and criti(
operation conditions

0.45

Not progressed

15%

Uncertainty

Climate change impaci
on individual power
system components
performance

R1S2P1

Modelling of climate change for power syste
planning purposes (different types of event
spatiotemporal representation, probabilities
correlation, etc.)

0.2

20%(Taske)
-

20%

2. Power
System
Operation

Steadystate operation
modelling

R2S1P1

Modelling the steadiystate operation of the
system considering the tradeff between
computational efficiency and model precisior

0.8

20%(TaskA)
-

40%

3&5

Reliability and
resilience metrics

R3S1P1

Developing new metrics to quantify th
benefits to reliability and resilience associatt
with the investment in new system assets

0.3

30%(TaskD)
_—

30%

Impact of climate
change

R3S2P1

Assessing the reliability and resilience of pow
system considering the impact of clima
change and extreme weather conditions on
infrastructure/components

0.4

10%(TaskB)
u

10%

3. Reliability
and Resilience

Credible and non

R3S3P2

Profiling power system risks under vario
contingencies and indistinct events for futul
low-carbon grid with high penetration o
IBR/DERS

0.4

20%(TaskD)
-

20%

credible contingencies

R3S3P3

Modelling the impacts and benefits of othg
infrastructure and sector coupling (e.g., g¢
hydrogen) on power system reliability ar
resilience

1.2

Not progressed

60%

3&4

DER/IBR response to

R3S4P1

Modelling and analysing the impact ¢
planning from IBR (including and in particul
batteries) response to credible contingenci
and high impact low probability (HILP) event

0.4

10%(TaskB)
]

10%

different events

R354P2

Modelling and analysing the impact ¢
planning from DERs and distribution netwo
assets response to credible contingencies ¢
high impact low probability (HILP) events

0.4

20%(TaskO
-

20%

4. Decision

Metrics, objectives anc

R4S1P1

Modelling competing objectives, sources
risk, and risk appetite of different stakeholde
in power system planning. Determination |
metrics to value cost and risk

Not progressed

25%

risk modelling of
different stakeholders

R4S2P2

Modelling investment flexibility in powe
system planning decision making by enhanc
the decision structure and the representatic
of scenario trees

Not progressed

50%

Making

Methodologies for
decisionmaking under
uncertainty

R4S2P3

Methodologies and tools to incorporate th
assessment of noenetwork solutions value
streams in the network expansion problem

0.2

Not progressed

20%

Interdependence

R4S3P1

Modelling investment decisions (includir
demand response) at distribution network lev|
and determining the methodologies i
integrate them in power system planning

0.3

Not progressed

30%

Multi-energy systems

R5S1P1

Modelling the impact and flexibility embedde
in the interactions between power systems ai
other energy systems for planning studies

1.2

Not progressed

40%

23&4

5. Distributed
Energy System

Distributed energy

R5S2P1

Identifying the sources and availability |
demand side flexibility, quantifying it
aggregated profile, and determining i
representation in power system planning

0.8

Not progressed

40%

3&4

markets and demand
side flexibility

R5S2P2

Modelling distributed energy systems (e.(
DERs, VPPs) operation and determining o
requirement to represent their operation fo
planning studies

0.25

Not progressed

25%

R5S3P1

Modelling the impact of high DERs penetratit
on power system planning

0.4

Not progressed

20%

Distributed energy
resources impact

R5S3P2

Modelling and analysing the contribution ¢
DERs to system reliability (security a

adequacy) and resilience.

0.9

10%(TaskOd
-

30%

3&5
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1.3 Research relevander Australia

CKA& NBASINOK LINRP2SOO adzLllI2NIa ! dzAdGNF £ AFQa Sy SN
generation of models, tools, and capabilities to assess the resource adequacy and operability of future
Australian power systems. The project examines the glmanreliability risk profile of the East Coast

Australian Electricity System, and studies risk factors, operational strategies, and weather events that

could lead to critical operating conditions relevant to AEMO, the AEMC and other stakeholders
involvedin reliability planning.

More broadly, the project develops and delivers advanced egmmmrce tools, planning models that
account for the energgonstrained nature of ESS, CER, and DER, and methods to support the
development of resilienceriented scenarios. Ultimately, this praje contributes with technical
evidence and practical recommendations to enable the effective design of a reliable system
dominated by VRE, ESS, DER, and CER. The outcomes of the project will directly help address key
technical constraints of different teclologies that might otherwise hinder the integration of
renewables, CER, and DER or drive up the costs of the Australian energy transition, supporting a more
reliable and coseffective path to decarbonisation.

The highlighted aspects of the project closely relate to the current Australian context, particularly
concerning the key priorities for reliability planning outlined in the latest iterations of thea&P
ESOQ the discussions initiated by the AEMC regarding updates to the reliability standard for the
20282032 period, the operability challenges caused by imperfect foresight on storage operations
recently detailed in the 2026 draft ISRind the updated research agenda of AEMO and the 1SON
within the planning domain for 2026. Furthermore, this researiins to inform and deepen
stakeholders' understanding, including AEMO, AEMC, ECMC, and DNt®Rs)t@f shortcomings in
Australia'scurrent power system reliability framewark also intends to contributéechnical evidence

to support future methodological improvements, facilitating timely investment in andojberation

of an appropriate mix of resources across generation, transmission, and distribution systems to
guarantee system reliability.

1.4 Report structure

This report is divided inteight main chapters, summarised as follows:

a. Chapter2 presents the overarching context of resource adequacy assessments in electric power
systems,coveringstandard probabilistic analysis procedures, the applicable metaiud,their
respective contexts of use. Tkbapterconcludes with a summary of the current state of resource
adequacy assessments, highlighting existing gaps and ongoing challenges in this field.

1 9ahs G5N}Fd wHnauc LyidS3NIATfaRle: HigsEviind Yemd.corh.af/&Bsultstién eirrenaumhs] gs gl
consultations/draft2026isp-consultation o o L i A
“19ahz GHNOHP 29a 9f SOGNROAGe Juf (R028.S AvSilghle: hitpd:Fvww mddiol2oMBudeyfekail A S & ¢ ®
systems/electricity/wholesakelectricitymarketwem/wem-forecastingand-planning/wemelectricity-statementof-opportunitieswem-

S00

r9a/ =z aunuc wStAFoAtAGE {4 y RvibldR:htips/Rww anic fdv fidarkencSidkS\ics/#026b 2 J® H N Hp
reliability-standardand-settingsreview . o ~ i .
°1T 9ahx G@5NIFd wHnuc L{t 1 LJLISY RAE ! n @ httfs@vanivaermno.cdrhI8ildediakfiifeniapre @ 5SOP H
publications/isp/draft2026/a4systemoperability. pdf L L
"L{hbX a{&adasSY hLISNI i 2AniladeNkpa: Niwi.deSdEcHnL aut/bnSl@/Mes/mitimtivpsinternationatsystem
operator-collaboration/systemoperator-priorities-report-2026.pdf
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https://www.aemo.com.au/-/media/files/initiatives/international-system-operator-collaboration/system-operator-priorities-report-2026.pdf?rev=238e3f9c1239409bbe6245e8926366e7&sc_lang=en
https://www.aemo.com.au/-/media/files/initiatives/international-system-operator-collaboration/system-operator-priorities-report-2026.pdf?rev=238e3f9c1239409bbe6245e8926366e7&sc_lang=en

. Chapter3 provides a description and contextual overview of the ogenrce toolkit developed for
this research project to conduct reliability and operability studies using models of the National
Electricity Market.

. Chaptes 4 and 5address themodelling challengesf energy storage systems and distributed
energy resourcegor resource adequacgythe prospective contributions they may offer toward
ensuringreliability, and the potential risks posed to system adequacy if their models in RA
frameworks are highly stylised with respect to their thependent and marketiriven
behaviours.

. Chapter 6 consolidates all methodological and modelling developments from the previous
chapters to construct a risk profile for the East Coast Australian Power System. It reports on
potential risks not identified by existing approaches to assessing RA, as wiek dsivers and
potential mitigation measures ensurgystem reliability.

. Chapter 7 presents a methodological and modelling framework for designing extreme event
scenarios within the Australian context. The framework is based on the principles of stress testing
and parametric modelling to evaluate system resiliersned explains

Chapter8 concludes with theoroject'smain findings and insights.
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2 Assessment of reliability risks in electric power
systems

Reliabilityis defined by CIGRE] as admeasure of a power system to deliver electricity to all points

of consumption and receive electricity from all points of supply within accepted standards and in the
amount desired. For a more detailedengineeringfocused categorisation, the concept of reliability
has been divided into its planning and operatiodahensionswhich are further distinguishedhto

the two main sublLINE LJS Nhd&égRaty 2 Fsedurityd, respectively

Regardinghe longterm planning aspect of reliabilityesource adequacis defined in[2] as dthe
ability of a power system to meet the power and energy demands of its consumers within technical
constraints, accounting for both scheduled and unscheduled outages of system compgonents

{LISOATAOLIftes adaOKSRdzZ SRé¢ 2dzil 3Sa NBFSNI G2 LX I yy
ddzoadlGAz2yasr FyR (GNIYyaYAaaArefgh to@redle daniingehciess | ya OK

including equipment faultghe loss of a circujtor a generatorfailure, among others.

For a system to be consideradequate it must be planned so that all necessary components across
the electricity supply chain, including generation, transmission, and distribution, can meet the
expected demand while maintaining sufficient generation and network reserves to handle outages
over a specified planning horizomthis horizon typically spans around a decade, reflecting the time
required for assessments, regulatory approvals, and the construction ot$aaje infrastructure.

The identification of risk factors threatenirige supply adequacef electric power systems and the
associated infrastructure requirements is intrinsically linked to adequacy assessments.
Fundamentallyadequacy assessmerdgaluate whether thesystem's currenaind future technology

mix is sufficient to meet expected demand while allowing for reseresseassessments aldwelp
identify potential resourceshortagesacross different time scadd3].

Utilities and system operators perform forwalaoking resource adequacy assessmeatdetermine

risk factors, quantify their effects and identify an appropriate mix of infrastructure. Historically, these
assessments have been conducted under two broad paradigms: deterministic and probabilistic. The
following subsections briefly outlindése approaches. More broadly, tlrisapteroutlines adequacy
assessment methodologies in their current practice, with emphasis on a broad set of metrics, as well
as emergng and desirable practices as power systems transition toward high penetrations of VRE and
ELR.

2.1 Deterministic resource adequacy assessments

Deterministic adequacy assessments evaluate whether the existing technology mix can provide a
capacity margin above the peak system demand, typically based on a single forecast. This capacity
YIENBAY Aa 0O2YY2yf & NBTSNNS RRM),whidhZetsla fixeéddmbugt BfA y 3
capacity required above the system peak demitid

In its simplest form, deterministic adequacy studies and standards might stylise the adequacy analysis
by focusing solely on mitigating the risk of capacity shortfalls during peak load Asesesult, they
couldfail to capturekey chronological dependencies that are increasingly important in power systems
with high penetration of VRE and ELR, including the management of energy storage state of charge,
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the temporal availability of demand response, and iftieur and interhour variability in wind and
solar generation. These chronolegglated challenges, particularly those arising from energy storage
and distributed energy resources to ensure resourceca@cy, are explored in greater detail in
Chaptes 4 and5.

2.2 Probabilistic resource adequacy assessments

While deterministic criteria and standards have been developed to accoumbfoponentfailures
with some degree of stochasticity, they nonetheless restuslamentally deterministic framewosk
that presume complete knowledge of system eveiitseprincipal limitation ighat such deterministic
criteria neither acknowledge nor acoot for the probabilistic characteristics gfower systans,
including customer demand, component failuresind more recently, and perhaps importantly,
weather variability As outlined irff4], historically recogniseg@robabilistic aspects of electric power
systems include:

1 (a)Forced outage rates of generation units are known to be a function of the size and type of
units. Therefore, a fixed percentage reserve (capacity margin) cannot ensure a consistent level
of risk.

1 (b) The failure rate of gansmission lings a function ofits length, materials location,and
environmentl conditions. Consequenthg steady risk of supply interruption cannobe
ensured by constructing a minimum number of circuits.

1 (c) Most planning and operational decisions are based on loadrandwablegeneration
forecasting. These methodologies cannot predict demamdsrenewable generatiooutputs
with absolute precision, and inherent uncertainties are present within the forecasts.

To address the stochastic nature of power systems, methodologies for evaluating resource adequacy
have evolved into probabilistic approaches. Furthermore, as temporal and spatial relationships
become increasingly complex and uncertaithese techniques have become indispensable for
assessingesource adequacyRA [5]. Rather than yielding a single deterministic result, probabilistic
methods establish a framework for integrating and evaluating a wider array of scenarios and
conditions (e.g., unit outages, generation and demand profiles, resource availability) within the
analysis, thereby generating a spectrum of potential events with associated likelihoods.

Probabilistic resource adequacy assessmeatsbestructured into three principal stages:

(1) Modelling uncertaintyin demand, DER and largealeresources This process includeke
development ofconsumption DERand variable generatioroutput profiles as well as
componentavailability(e.g. outages and scheduled maintenanésystem componenjs
@! a48aaAy3 (KS ae8aisdvyQa OFLIOAGE | RSIjdz O& I ONJ
(3) Calculating resource adequacy metriaghichprovide a statistical quantification of reliability
risks and estimate the contribution of supgide resources to overall adequacy

As depicted inFigure 2.1t inspired by the one presenteth [6] and adapted for the Australian
contextr these stages are sequential and interdependent, with each phase requiring specific inputs
to produce its respective outputs. The figure provides a faglel summary of the procedures
essential to conducting a comprehsive adequacy evaluation in power systems.
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Input data (1) Resource uncertainty modelling (2) Capacity adequacy assessment (3) Calculation of adequacy metrics

[A] Demand, DER and variable generation

Demand-side data

Load time series; scenario data on Demand profiles }
electrification trends; DER uptake and for k exceedance conditions ;
installed capacities (POE 10% or 50%) and n. weather years |}

DER profiles j g
for k exceedance conditions | . Resource adequacy
Weather data (POE 10% or 50%) and n weather years |} Capacity balance metrics
Wind speed, solar radiation, temperature, | del
hydro inflows | l modeis System-level metrics
| Compares available
Utility-scale VRE forecast VRE profiles . capacity LOLE LOLP
models for n weather years | to operational demand
VRE generation parameters EUE
Installed utility-scale capacities; historical

VRE generation time series CVaR(UE)

()] GE““‘TT‘I' stnndg! and network Resource-level metrics
i i availability and outages —
Dispatchable generation vailability and outag (capacity acereditations)

parameters Optimisation- ELCC EFC

Installed capacities; reliability parameters 1 Availabl based

(outage rates, MTTR) | Analytical methods o t:::;e :pzf::::zfmy models ECP  EGCS
distribution

Remuneration, convolution

System-wide optimisation:

economic dispatch or unit UCAP
commitment

Storage parameters !
Installed capacities; reliability parameters 1 OR
(forced outage rates, MTTR)

" .
B Monte-Carlo simulation Kl Available resources
System-wide capacity for
- Non-sequential, sequential D A
Network parameters
p i

OR

Network capacities, reliability parameters g
(forced outage rates, MTTR)

Figure2.1: Input data requirements, sequential steps and metkekbction decisiopointsfor the design and executh of
probabilistic resource adequacy assessments.

As shown ifrigure2.1, inputs to the adequacy assessment processemildinclude historical weather

and demaneside data (e.g.a characterisatiorDER uptakend electrificationtrends), technical and
reliability parameters (e.g. installed capacities, forced outage rates, mean time to repair, maintenance
schedules) of the resource fleet (e.g. generation, storage) as well as a characterisation of the network,
including interconnectionsral potential relevant economic parameters of the system under study.

(1) Modelling uncertainty inthe demandside, large-scalerenewables and resource availability

The described inputs are used for the first stage of the adequacy assessment, which consists of
modelling uncertainty in the system's resources.

This stage is typically divided into two independent modelling parts, given the nature of the resources
under assessment:

1 [A] demandside resourcesconsumptionandvariable(renewable) generation
1 [B] characterisation of resource availability and outages in generation, storage and the
network.

Importantly, the method for characterising uncertainty in demaside resourcesconsumptionand
variable generatiorfthat is part [A])should be able to capturthe correlations between supply and
demandand the weather In the usual practice, this methad usually independent of the method
used to characterise the availability and failures of resources in the sy{ptenn[B])

Regarding [A], a wide variety lohgterm forecast models foconsumption, distributed resourcesd
renewable generation produce tirageries data. Such time series characterise the variability and
uncertainty of these resources over the horizon of the adequacy assessment and at the required
temporal and spatial resolution. As a practical exampléhénAustralian RA assessment for the east
coast power systeni7], all profile time series are developed at hRatfur resolution with statdevel
spatial graniarity. Demandand distributed generatiorprofiles are typically developed for 10% and
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50% probability of exceedance (P®&&)d for at least 10 weather years, while VRE (wind and solar)
time series are also for at least 10 weather years.

In [B], time series for resource availability are developed via analytical techniques or by simulation. As
a general practiceRA frameworks generate randomised uaittage scheduleswhich characterise
resource failureshat might threaten system reliabilityThetwo major classes of methods to model

unit outages, analytical and simulation, can be describedlasvs[6], [9]:

1 Analytical techniques: These methods use mathematical models of the system and
probability theory to estimate the probability distributions of available capacity and forced
outage rates for a group of units, which are then used to generate a sylstarhavailability
distribution. For example, convolution method40] calculate the systemwide capacity
distribution by aggregating unievel availability probabilities. Importantlysignificant
assumptions are frequently necessary to simplify the problem dedelop an analytical
model of the system, which may reduce the significance of the results.

! Simulation (Monte Carlo) techniquesvlonte Carlo samplirfgallowsmodeling unit outages
O2yaraidSyid o6AGK S| OK dafdpairGtatistizsdZhesi&nighds,i S &
divided into nonsequential NSM$ and sequential (SMCSjsetime-to-failure and time-to-
repair parameters to generate a randomised, chronologically ordered outiage seriesfor
each asset. The outagjene serieNB LINBa Sy ia (GKS dzyAdQa FT2NOSR
a unit is either fully available or partially or fully unavailable.

After thetime-series data for load, renewable generation, and component availability are generated,
they serve as inputs to the model used for the capacity adequacy assessment.

(2) Capacity adequacy assessment

At this stage, two major methods for assessing RA are distinguishedcity balance modeknd
optimisationbased modelsAs outlined by the different types of arrowshigure2.1, the selection of
an appropriatenethodologyfor performing theRAassessmeris inherently contingent on the specific
approachemployedin (1)to obtain the time series that modetgsource availability uncertainties.

1 Capacity balance modelsomparethe available capacity in the system with respecttie
demand. Depending on the approach to modell@ognponentfailures (convolutionNSMSor
SMCS), the methodological steps for computing the capacity balance differ. For convolution
based failures, the probability of available capacity in each time slice is convolved with the
operational demandtime series. For MCGlkased, each slice of operational demand is
comparedagainstthe capacity availability time series (whether Reeqguential or sequentigl)

8 Probability of exceedand®OE), POE is the likelihood a maximum or minimum demand forecast will be met or exceeded. A 10% POE
maximum demand forecast, for example, is expected to be exceeded, on average, one year in 10, while a 90% POE maximum demand
forecast is expected to be ezeded nine years in 18].

9 In the domain of Monte Carlo simulation there exidtnonsequential(also referred to asandom) and (i) sequentialalso referred to as
chronological procedures Importantly, norsequential MCS represent timiedependent snapshots that ignore time correlatidn the
context of modern electric power systems, where chronological dependencies have higher prevalence, sequential Monte @lampisam
becoming the standard practice assourceavailability time serieincorporate the temporal correlation of resource availability and are
supported by both capacity balance and optimisattmased models.
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producing measurements of the frequency and magnitude of (unserved energy) events in the
system

1 Optimisation-based modelgypically compriseinit commitment (UCandeconomic dispatch
(ED) Each VRE, demand, and component availability time series is fed into an optimisation
problem, with explicit temporal constraints (ramp rates, minimum apd downtime for
generators, storage, and DER operations, etc.). Given their sequential natuse, rtiaaels
can only be fed with outage schedules produced by SMCS. As with capacity balance models,
USE measuremen&nerge as outputs of the optirsation model. Thee measurements then
feed the metric calculation stage.

(3) Calculation of adequacy metrics

As described, both types of models for assessing é&pacity balance and optimisationproduce
measurements for periods that present capacity shortfalls. These measurements can include the
count of eventperiods®with capacity shortfalls (or more specifically, the count of hours, days or years
where such shortfalls happen) as well as the magnitude and duration of every unserved energy event.

This collection of measurements, which together form a probability density function when a
sufficiently large number of measurements are computed, is subsequenthgedtiio derive
probabilistic metrics that facilitate the estimatipuantificationand summaryof reliability risks.
Among the metrics commonlysed for these purposes anessof-load expectationLOLE, lossof-

load probability (LOLF, lossof-load hours (LOLH, and expected unserved energ§EUE. The
forthcoming Section2.3 offers a comprehensive review of established and emerging metrics for
assessing reliability riskes well as recommendations for their usage.

2.2.1 On the suitability of probabilistic methods for assessing resource
adequacy

The previous section outlined three techniques for mdidgl resource availabilityncertaintieg
convolution, NSMS, and SMC&nd two approaches for calculating RA metrics at the systemtlevel
capacitybalance and optinsation. While all these methods aestablishedthe pronounced temporal
couplings characteristic of new technologies in modern electric power systemgire consideration

by practitioners when selecting appropriate methodologiBee choicewill dependon each method's
ability to accuratelcapture temporal dependenciessuch as state of charge, ramping, and service
availability and interunit dependenciesincluding spatial correlations and commarode failures.
Consideration should be given to:

1 Convolution andhe NSMS model the availability of units, assuntergporalindependence
of the states of units in the system. Thicludesepresentingime-coupled processesuch
as energdimited resources, demand response, and network constraints. These approaches
are therefore best suited to capacitinited systemsdominated by thermal generation.isk

10 An eventperiod is defined as a period of time (defined with respect to a chosen temporal resolutievi)jch, at some point, system
resources are insufficient to meet demand, atiterefore, unserved energy occurs. An ewpetiod can be any evesttours, evenidays,
eventyears. The resolution of the event determines how the occurrence, persistence and frequency of the event are quantifiedsual
explanation of evenperiods, refer tq11].
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may be misrepresented whetemporal dynamicge.g., high penetration of ES@jterially
affect supply resources and their availabilityportantly:

o Convolution provides an exact analytical capacity distribufmmthe system,but
scales poorly as system size axanponentheterogeneity increase

0 NSMS improves scalability throughunit-level sampling yet remains non
chronological.

1 Sequential MCE widely regarded asssentia[6] whentemporal dynamics and operational
flexibility can materially contribute to adequacy assessmer8ACS preserves the
chronological evolution of system states, enabling explicit modelling of ELR and intertemporal
constraints across time and asselis allows SMCS to capture correlated outages, weather
driven variability, and prolonged stress events that may increasingly drive adequacy risks.

T SMCS with optimisatichased operational models allows adequacy metrics to be evaluated
under highfidelity operational and network constraints, including storage dispatch and
interconnector limits. However, computational requirements scale significarittysampling
depth.

2.3 Metrics for assessing resource adequacy

In the context of resource adequacy studies, metrics quardifgd summarisehe risk ofhaving
insufficient supplyside resources to meademand in other words, the risk of load sheddin@he
following summarises how RA metrics are applied at the planning level.

1 Resource adequacy metrics quantify the likelihoodagnitude or durationof supply
inadequacyeventsacross a spectrum of anticipated operating conditions thatagticular
jurisdiction(region, state, countryinay face.

1 Insystem planning processemdequacymetrics informreliability standards If an adequacy
assessment determines that the metric underpinning the standard exceeds a predefined
threshold (typicallyset by policy), corrective actions must be taken to keep it below that
threshold.

1 Atthe planning scale, these corrective actions may include commissioning new infrastructure
(e.g., additional investments) and postponing the decommissioning of existing facilities (e.g.,
delayingthe closure of a thermal power plant)

The subsequent sections provide an overview of metrics for assessing resource adequacy, including
metrics established in different jurisdictions, emerging metrics that could better complement
adequacy assessmenby reflecting the evolving nature of reliability risks, amtrics used to
guantify the individual contributiosiof technologies.

2.3.1 Deterministic resource adequacy metrics

Deterministic metricsseek to establish, based on a singlestem forecast, the margins of power
capacity and energy available in the system during specific times, spelalaglemand or concurrent
periods.Table2.1 provides an overview of these metrics.
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Deterministic
metric

Planning reserve
marginPRM

Hourly energy
reserve margin
ERM

Table2.1: Summary of deterministic resource adequacy metrics.

Definition

Difference between the total
installed generation capacity
and theexpectedpeak load,
divided by the peak load

Sets a reserve margin of
energyat specific time
periods

Additional considerations

Supply sources are derated,
representing the likelihood of
availability at peak times

Extends the PRM, allowing a
enforcement of power and
energy adequacy, particularly
for storage systems.

Advantages

Simple
calculation and
definition

Simulation is
not required.

Disadvantages

Ignores system operating
conditions.

Could banappropriate
when the proportion of
variable generation is
significant in the system.

It requires that installed
capacity does not vary
greatly from year to year.

Deterministic metrics are simple to understand, require minimal computational tand, can be
calculated based on limited system datdowever, their applicatiorsuch as in the calculation of the
PRMreduceshe RAassessment to evaluating systeside shortfallsonly at the expected peak load
failing to account for chronologicahd intertemporal behaviours.

Importantly, ceterministic metrics are not inherently indicative of resource adequacy risks. Although
a system with reasonably high margisdikely to encounter fewer adequacy issues than one with
lower margins[9], the PRM and ERM do noharacterisehe probabilisticdistribution of eventsthat

drive the adequacy risk itseffarticularlytheir expected frequency, duratigmr magnitude.

2.3.2 Probabilistic resource adequacy metrics

Probabilistic metrics are derived from the probability distribution of specific event measurements in
the system(e.g., the probability distribution of event counts, durations, or magnitudes), thereby
providinga more detailedverviewof adequacyisksthan deterministic metrics. Probabilistic metrics
can be divided into two main groups:

9 Lossof-load metrics present information on th&equencyand duration of shortfall events.
Importantly, they do not describe the magnitude of the energy shortfall. That is, how many
MWh are not being supplied on a specific shortfall event.

1 Energycentric metrics capture themagnitude of energy shortfalls, usually measured in
expected MWh not supplied per year, but not the duration or frequency of events when that
loss of load happens.

The main advantage of using probabilistic metrics is that load sheddkig evaluated on a range of
events rather than a single one. This means that a probabilistic assessment remains a more
comprehensive way to perform a full adequacy evaluation. When using a probabilistic approach, the
risk of load shedding is evaluated assaall hours of the day rather than only during relevant peak
conditions.Table2.2, based on the content dB3], provides an overview of established probabilistic
resource adequacy metrics.
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Probabilistic metric

Loss of load expectation
LOLE

Loss of load hours
LOLH

Loss of load days
LOLD

Loss of load years
LOLY

Loss of load probability
LOLP

Loss of loadrequency
LOIE

Expected unserved
energy
EUE

Normalised expected
unserved energy
nEUE

Table2.2: Summary of probabilistic resource adequacy metrics.

Definition

Average number of event
periods per yearEvent
periodsrefer to any time
period length (user defined).

Average evenhours per
year simulated samples
(LOLE for everttours).

Average eventlays per year
across simulated samples
(LOLE for everdays).

Average evenyears per
study horizon across
simulated samples (LOLE foi
eventyears).

Total number of event
periods, divided over the
total number of periods
sampled.

Average number of adequac
events! per study horizon.

Average load not served per
year across simulated
samples.

Average load not served per
year across simulated
samples, normalised with
respect to the total system
energy consumption

Information provided

Event frequency

Event duration; event
frequency

Event duration; event
frequency

Event duration; event
frequency

Event likelihood

Event frequency

Event magnitude
(energy)

Event magnitude

Measure unit

Time periods
with event/year

Hours with
event/year
e.g. 3event
hour/10 yeas

Days with
event/year
e.g.1l.5event
day/10 years

Years with
event/study
horizon

e.g. 1l event
year/15 years

Unitless (%)

Events/year

MWh/year
e.g. 20
MWh/year

Unitless (%)

Advantages

Simple
definition.

Makes it
possible to
compare
systems of
different sizes.

It is not possible
to directly
compare
systems of
different sizes.

This limitation

can be mitigated

by normalsing
EUBy the total
energy
consumption

Disadvantages

The depth
(magnitude) of the
eventsare not
quantified.

It may depend on
decisions made by
the system operator
(definitions of evertt
periods)

The depth and
duration of the failure
are not quantified.

Quantifies the energy
not supplied.

Offers the possibility
of assigning an
economic value to
outages, allowing a
costbenefit analysis.

The technical literature recognis#sat reliance on a single metric in resource adequacy assessments
does not provide a complete characterisation of adequacy fisks[12], [13] As power systems
transition, both adequacy metrics and the reliability standards derived from them should similarly
evolve to reflect a broader set of risk dimensions @haracteristics of possible events. Important

consideration should be taken to the following aspects:

1 Metrics presented iTable2.2 are not interchangeable. When used jointly, they offer distinct
and complementary insights into the characterisation of resource adequacy risks.

1 An adequacy evenis defined as a contiguous set of hours with a shortfall (unserved endggh event is considered as a separate
occurrence. For example, a LOLF of 3 events/year means the system experiences three separbliealdsvents per year, regardless if
each lasts one hour or several days.
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1

For examplel OLFEharacterises the expectgebarly frequencyof lossof-load events, while
EUE captures their expectechagnitude Together, such metrics provide a richer
understanding of system performance than any single indicator in isolation.

Most used adequacy metrics quantify tlawerageriskt such as the expected frequency,
duration, or magnitude of loagdhedding events. As a result, they do not explicitly allow the
quantificationof the impacts of extreme risks (and therefore operating conditions) that could
drive higher levels of unserved energy or longer events.

In Australia, longerm resource adequacy processes for the NEM are guided by a reliability
standard based ornthe normalised EUENEUE),an energycentric metric. This metric is
recognsed as being more robust in a contethighELRpenetration providing information

on the magnitude of event&uantifying energy in its nenormalised form, EUEHowevera
recent study has proposejd 2] that (i) complementing it with metrics associated with the
frequency of events and (ii) equipping the analysis witbcu$ on the tail of thelistribution

of UEis highlydesirable.

2.3.3 Tail metrics for assessing adequacy of supply

Asdiscussedn the previous section, reliance on single metrics and expected values can skew the
resource adequacyanalysis particularly as durations and magnitude®f events become less
predictableor less normally distributedue toincreasingdependence omweather, ELRand growing
exposure to extreme climate events.

In this regard, an assessment of the entire distributiopassible unserved energyents becomes
necessary to take timely actisnat the planning scaleéBelow are points thatim to enrich the
reasoning behind thidiscussionSubsequentlythis section presentsietricsthat have been proposed
in the technical literature to develop an extended understanding of reliability risks.

1

The primaryrisk factorin systems dominated by thermal generation were outages of system
components. This means that any resulting load shedding events due to insufficient capacity
were likely to be relatively small in duration and magnitude (for example, on the order of the
siS 2F 2y S ISy SbhHpatig)NPa Yyl YSLI FGS

As systems transition towards VRE, DER aned&hbihated, loadshedding events may be
much different in magnitude, duration, frequency, timing and predictabilitye increased
dependence on weathecould start concentrating resource adequacy riskgo a limited
number of specific weather eventbut with larger impactssuch aslunkelflauteperiods

As a result of the previous points, in the past it was sufficient to employ metrics and set
reliability standards based, for example, on the Lidh& expected number of days per year
with a lossof-load event.

However, for example, two systems under assessment might have the same LOLE of 1 day in
10 years. Still, one might experience a severe, syst@he outage with 50% of the load lost
on that day, whereas the other might have only a minor, short oufadé¢

To address this potential bias, in recent years, it has been widely recommended to
complement the analysis with metrics that also capture the details of the probability
distribution of these measurementfl2]. This does not necessarily mean that reliability
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standards (which are informed by specific metrics) should be set only bgverage metrics.
Rather, additional metrics should be employed by planners to help them identify potentially
more extreme risks and their consequences, establishing fonitéria assessments.

1 The previous point is supported by the fact that, for exampleyery skewedorobability
distributions, the average value can belatively small almost insignificant, but extremely
high values can occuas well (that is, the soalledtail). This type of effect, which can easily
occur inpower systems, can benasked or ignored by metrics or standardsonly average
values (or even standard deviations) are evaluakdure2.2 illustrates this effec{4].

fi(x)

Average X

Figure2.2: Example of highly skewed probability density distribution.

Tail metrics

As discussed,apturing information from the entire probability distribution could provide valuable
insightsfor decisionmakers.When hundreds of thousands simulation resultsare synthesed into

a single numbefthe averagg, extreme valuegsan be hidderor diluted, concealing riskat first glance
but not materially mitigatinghem. Forexample, recentesearch13] showcaseshat even whileit is
possible to maintaim constant EUE, thealue of tail metricganincreasesignificantly

In this context, a significant part of tlikebatearound theinnovations required in resource adequacy
methodsfor modern power systemgL2], [15]is the incorporatiorof metrics that better reflect the
NA&Ala |d GdKS & wistrbditions, Bufgesting EnuithdiiB analysighs dninger of fact,
tail-end events could have disproportionate effects if they were to matseakven though their
probability is low compared to otheless impactful events.

The literatureand extensive technical reviews haadvocated foithe use oftwo functions that could

contribute tobetter characterisinghesetail risks (1)tK Sper@entileé, also referable to ag + | ftdzS

Risk Ay w! and@)yhé Sdaditianal Valuat-Risk the scOl f CEaRPéa LG A& A YLR NI
note thatthese two are not metrics per sébut rather functions (such as tlexpected value function

that are applied to the probability distribution of different measurements, and which together allow

to construct a metric that charactess the tail. Table2.3 summarses their definitions and the insights

they mightprovide.
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Table2.3: Overview of function® construct tail metrics for assessing resource adequacy.

Function to build a tail

A Technical eéfinition Information provided Measure unit
metric
The percentile, or equivalently the Vata&
Risk, defines the threshold of a probability
distribution for a given resource adequacy
h -Percentile/ Value-at- measuremensuch thath:"2of outcomes lie Threshold value ofvhich .
Risk below this value. ha'z thdasurementslie Same . .as . thg .|npu1
P2VaR:: bolow. probability distribution
Valuesbelowtheli KNB & K2f R NBL
of events (e.g., the unserved energy value n(
exceeded in 95% of simulated years).
TheCVaRunction computes the average
value of an adequacy measurement across
2dzi 02 YSa G KI-th pedntdeS S R
Conditional Valueat-Risk " 2r:0f aprobability distribution Average value of the worst Same as the inpul
CVvaR:: (1001)% measurements. = probability distribution

It quantifiesthe expected severity of taénd
events (e.g., the averageserved energpf
the worst 5%i.e, the higher UE)f simulated
eventsg KSy h I ¢ppz0d

Tail metrics:Understanding their application and value

When conducting a probabilistic adequacy assessment, following theldugh steps outlined in
Figure 2.1, planners typically obtain multiple system performanogeasurementsfrom each
simulation run. Theseneasurementsnay include, for example, the total energy not supplied (ENS)
over a year, the totahumber of hours withcapacity shortfalls measured in evemurs, and the
number of days with supply inadequacy events, expressed in elays within a ong/ear horizon.

By performing a sufficiently large number of simulations under diverse operating conditions
(generated through systematic sampling, as detailedSiction 2.2) these measurements will
eventually converge to stable probability distributions, as illustrate&igure2.3, which presents
illustrative distributions for:

1 UE(unserved energy or energy not suppliedjhe total energy not supplied to the system
during the year evaluated, measured in MWh

1 H (eventhours) The total duration of supply shortfalls within the year, expressed as the
number of hours in which unserved energy occurs (eventrs).

1 D (eventdays): The total number of days within the year during which at least one supply
inadequacy event occurs, expressed in eveays.
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Probability distributions of resource adequacy measurements & calculated metrics

Unserved energy - UE Event-hours - H Event-days - D
o) ; o : ) -
= ] c = < .
3 - . S " g . '
o a o . o .
g A\ | g : | @ : |
w n (. . w - I
Event magnitude Event duration Event count
Total yearly unserved energy UE Yearly event-hours with Yearly event-days with
(MWh) unserved energy load-shedding
(number of hours) (number of days)
------ Expected value EUE ===u=: Expected value LOLH =ssnn: Expected value LOLE
s Percentile 90% UEggy s Percentile 90% Hggy e Percentile 90% Doy,
wes = Average of worse 10% CVaRggy(UE) = Average of worse 10% CVaRg,y(H) m— = Average of worse 10% CVaRggy(D)

Figure2.3: lllustrative example of multiple probability distributiohresource adequacy measurements and related average
and tail metrics.

Adequacy assessments typically summarise these empirical probabilistic distributions through their
expected (average) values, which correspond to the most widely used resource adequacy metrics. For
instance, the mean of the UE distribution yields the Eigub&nserved Energy (EUE). Likewise, the
average of the distribution of eveftours, H, defines the Loss of Load Hours (LOLH), while the mean
of the distribution of eventlays, D, corresponds to the Loss of Load Expectation (LOLE).

In practice, these widely adopted metrics synthesise each probability distribution into a single average
value, as illustrated by the dotted segmentdHigure2.3. Although such averages provide a compact
and intuitive summary of system risk, they do not fully disclose the potentially broader spectrum of
risk. In particular, the righband tail of the distributionghighlighted with lighter shadingontains the

most severe realisations: years with the largest volumes of unserved energy or the most supply
interruptions, measured in hours and days.

In fact assessinghe tail riskinvolvesanalysing and subsequently providing quantitative metribat

representthe outcomes of thed 6 2 NE (G ¢ O2y RAGAZ2Yy A | Codcéptualhs this O2 dzf R
involves askingh ¥ G KS @¢g2NRAG omnnbh o 22 2F adaedaitSYy O2yRAGA
would the system experienceThis is answered by the Conditional VahidRisk (CValR which
YSIadaNBa GKS FF@SNI3IS 2dzid02YS gAlKAY GKS Y2ail
Complementarily, thé/alueat-Riskfunction identifies the threshold valu¢aR 6 St 2 6 6 KA OK
outcomes lie, definingn exactboundbetween acceptable and extreme conditions.

As shown, tail metrics offer a powerful means of broadening the resource adequacy analysis by
exposing highmpact events, thus enabling a more explicit characterisation of risk. Still, as highlighted
in [12], it is important tounderstand thatin systems with significant storaggher energylimited
resources (e.g. demand response), both the duration and the severity of adequacy events depend
strongly on how these resources are scheduled and optimised within the simulation framework
employed. Therefore, #information tail metrics provide is strongly linked to the assumptions on the
operating behaviours of these resources.

Finally tail risk metrics can be applied in practice in two key wiayst,atail metricreliability standard
may complementinaverage reliability standardaesulting ina multi-metric system reliabilitycriteria.
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Thishasbeen explored in recent literaturfl6] and has historically beeemployedby the Belgian
system operator Eligl7]. Second reliability investment decision$or specific projects (e.g.
transmission line expansiomay be evaluatd based onchanges in tail risk.A project that provide
limited reductionin average risk may be justifida its benefitsfor tail events.Thiscanbe assessed
through scenariocomparison(with and without theinvestmen) or by basing capacity accréeation
on tail metrics (e.g. CVaR)Capacityaccreditation approachesicross differentrisk metris are
presented in the followingection

2.3.4 Metrics for assessing resource contribution to adequacy (capacity
accreditation)

Resource adequacy metrics are the primary outputs of adequacy assessments, providing a
guantitative view of system risk by capturing the size, frequency, duration, and timing -affwssd

events. While these metrics characterise the adequacy of thesysir specific regions of a system,
capacity accreditation focuses on the contribution of individual resources, or classes of resources, to
improving overall adequacy. This contribution is commonly quantified through the Effective Load
Carrying CapabilitteLCC) or related approaches that determine the extent to which a resource can
reduce system shortfall risk.

Table2.4 summarises, based di], the key metrics used to assess resotspecific contributions,
highlighting their purpose and interpretatiom adequacy studiesAs a complementFigure 2.4
provides a conceptual illustratiof the four probabilistic metrics used to assess resource
contributions. The illustration consideiistroducing distributed energy storage (DES) as a hew
resource andhe lossof-load frequency (LOLF) as the resource adequacy metric to establish the
basdine (LOLF of the system without DBS)wever, this approach can be followed under any average
or tail risk metric described aboveffectively quantifying theresourcecontribution towards the
selected reliability metric.

Table2.4: Metrics for assessing tle@ntribution of resources to the systdavel adequacy.

Computation Resource contribution

. Information provided and @finition
method metric

Effective Load Carryin . .
ying Amount by which the system load must increase wlgeresource(e.g.a battery

Capabili .

ELZ c vy storage systemis added to the system to maintain the same adequacy level.
Probabilistic Equivalent Firm Capacity Amount of firm, fully reliablecapacity needede.g. ..a fully reliable gas turbin@
methods EFC replace the resourceunder assessmenf{e.g. distributed energy storageyhile

maintaining the same system adequacy level.

Equivalent Conventional Amount of capacity froma conventional dispatchable generating technology (e.g
PowerCapacity gasturbine) needed to replace the resouroceder assessmerge.g. distributed energy
ECHECC storage)while maintaining the same systeadequacy level.
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Capacitybased
methods

LOLF

Equivalent Generation
Capacity Substituted
EGCS

Unforced Capacity
UCAP

The process for calculating the ECP is equivalent to the EFC, with the differenc
the ECP procedure considers outages, derates and operational limiteftortae
resourceunder assessment

Amount by which certaimesource (e.genergy storage systems or demand respgn:
can displace conventional generation.

This metric quantifies theapability of the resource to displace existing generati
capacity when added to the system.

' Y2dzy G 2F LKe&aAOlt 3ASySNrday3a OF LIk O

outage rate (FOR).

LOLF of system
without DES
S ~ (B)Withaless
reliable generator
LOLF of system ]
with DES (A) With a more

reliable generator

ECC\J

Additional
Demand

a) ELCC

Capacity of a Perfectly
Reliable Generator

Capacity of a Real
Conventional Generator Total Generation Capacity
Displaced
d) EGCS

b) EFC c) ECC

Figure2.4: Conceptual illustration of the definition of metrics for capacity accreditaigtracted fron18].

2.4 Key takeaways: @hlenges and gaps for resource adequacy

assessmentand planning

This chapteroutlined current methodological practices and metrfos resource adequacy (RAhd
highlighted why innovation is necessaypower systemgransition. The following points synthesise
the key challenges and structural shifts that could justify the need for evolutwoviding a

summarised background for the upcomidgaptess that aim to build upon thesgaps.

1 RA methodsshould adapt to weatherdriven, technologydiverse systemsAustralian power
systems increasingly rely on variable renewables, distributed resources, and -dingtgg
technologies, all of which are heavily influenced by weather. Theadisad consensus that RA

methods need to evolvecurrent simulation frameworksbehaviouralassumptions, and metrics

might not be fully fit for purposg12], [19], [20], [21] Fundamental questions lie ihow to
effectively improvéhese frameworks andvhat implicationsthis could have for the optimal future
resource mix[SeeChaptes 4,5and 6]

Energy adequacyeeds tobe assessedAustraliais one of the world leaders in shares of DER and
ESS, requiringdequacy assessmentsnsider a component for energy adequacy. In fact, energy
capacities are now much more limited (even for gas turbines, as fuel supply may become

constrained), constantly varying, and driven, in most cases, by mariketrs whichare not fully
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capturedin existingRA modelsimprovedmethods are needed teepresentthis new class ofisks
and ultimately identify anoptimal mix of different proportions of firm, variablend storage
capacityto ensure power and energy adequaggeeChaptes 4,5 andb]

Multi-metric frameworks should become standard practicRA assessments relying simgle
metrics might notcapture all reliability risks in power systethsit are constantly evolvingVulti-
metric approachesvould measure how often, how long, and how severe adequacy eventarate
raise alerts foextreme risksNaturally, as metrics inform decisions, an assessment across multiple
metrics would allow identifying individual technologies and the mix of resources that is better
equipped across various dimeaoss of adequacy (e.g., a mix that it robust across event frequency,
magnitude and duration]SeeChapter6]

Flexibility from energylimited and demandside resourcesequires proper characterisation
Utility-scale and distributed storage, electric vehicles, heating and cosyistgms electrolysers,

and data centres are becomingpre widespreadnd increasinglgignalresponsive participants in

the system. Their ability to contribute to adequacy depends on where they are located, how they
operate over time, their technical constraints, and the incentives they face. Capturing this flexibility
realistically through data, modelling, and behavioural assumptions essential if planners are

to harness its reliability and economic potenti@eeChaptes 4 and

Stress testing for extreme, correlated weather events should complement probabilisticHRgh
impact, lowprobability events such as prolonged VRE droughts or severe weathlated
disruptiong can expose vulnerabilities that averagased metrics and standard sampling
techniques may dilute or hide. Such events should be explicity modelledeéquacy studies.
Systematic stresgesting frameworks angarametried scenario analysis can help identify hazards
and thresholds, revedtragile operating points of the system, and inform mitigation strategies,
thereby strengthening regulatory preparedness beyond what standard probabilistic assessments
alone might provide [SeeChapter7]
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3 Opensource toolkit for assessing and studying
resource adequacy

A critical factor in ensuring the success and accuracy of adequacy assesisntieatise of data and
software tools withsuitable capabilities to evaluate riskwithin the region and the specific study
context.Under this premise, a substantial portion of this research project is dedicatdeveloping
and deploying opeisource software tools to generate datasets and builddels to assess resource
adequacy in the National Electricity Market.

The software developmemtunder this projecare consolidated into a suite of fully opsource tools
intended for industry practitioners, researchers, and professionals at large. This suite, accessible at
https://github.com/ARPSUniMelb, comprises four independent packag@sirselSH, PRASNEM,jI
SiennaNEM.jlandSchedNEM.jlwhich are interoperated via thEMreliability-suite, also available

at the link providedOverall, hese tools facilitate the generation of datasets and models of the East
Coast Australian power system for conducting adequacy and operability analyses. An overview of each
package is provided below.

3.1 Parser of the Integrated System PlRar§elSH)

ParselSH stands for Parser of the Integrated System Plan (ISP). It is aesiag toolkit written in

the Julia programming language that generates datasets for plararidgreliabilitystudies of the

ldzA ONF € ALYy 9Fald /2Faid 9t SOGNROAGE { & athednpds, 0 a SR
Assumptions and Scenarios Report (IA3R) ParselSRllows the generation of datasets containing

technical parameters for conventional and renewable generation, transmission, storage, and
distributed erergy resources, as well as hougkanularity generation traces of utiligycale and

distributed solar, wind, and hydro inflows and electricity demafileopen-source package can be
accessedat https://github.com/ARPSDniMelb/PISP.j|

3.2 PRAS model of the NEM (PRASNEM.jI)

PRASNEM.js the modelling framework for conducting large numbers of tisrguential operational
simulations of the NEM under various outage scenaliios built upon the Probabilistic Resource
Adequacy Suite (PRAB], which is developed and maintained by th&tional Labratory of the
Rockies (NLRormer NREL. USA. PRAS is a dedicated adequacy assessment engine that performs
highly efficient sequential Monte Carlo sampling of infrastructure outages whilst tracking the state of
charge of storage déses in the system. PRASNEM.jl provides the features and intddfaa®able

these effectiveadequacy studies of the NEMhe openrsource package can be accessad
https://github.com/ARPSUniMelb/PRASNEM.[The main capabilities of the modelling framework
PRASNEM.|l are:

1 Creating detailed PRAS models of the NEM, based on data generatedrdsiSK. This
includes representing static parameters such as capacity limits of generators, stierdges
and transmission lines, failure and repair rates, as well as time series of VRE production, water
inflows into hydro reservoirs, and demand.

1 Updating PRAS models of the NEM to enable custom adequacy studies, including by updating
storage dispatch assumptions, as further detaile€hapter4.
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1 Providing functions to analyse and process results from PRAS simulations of the NEM,
including aggregation by state, as well as synthesising deeel details.

3.3 Sienna model of the NEM (SiennaNEM.jl)

SiennaNEM.jlis a modelling framework for detailed system operation studies through optimising
production cost modelling (PCMyritten in the Juliaprogramming languagf4]. It is grounded in
the Sienna modellindramework [25] and supplied with datasets viaarselSH. It is designed to
perform detailed scheduling analysis of the Australian €astst electricity system by enabling the
construction and solution of economic dispatch (ED) and unit commitment (UC) models.

The framework accommodates a large number of technical constraints, including ramping and
minimum online and offline times of generators, timeupled operation of energlimited resources

and options for managing renewable generation outpui$ie PCM optimisation problem is
formulated usingJuMP[26] and can be extended with other optimisation formulations.also
provides posiprocessing, data analysis, and visualisation capabilities to deliveghighy insights

from model outputs. SiennaNEM.jl beitsffrom Sienna's broader modelling ecosystem, allowing
users to extend the provided base for the eastast Australian electricity system to perform studies
using other Sienna featureShe openrsource package can be accessedtgis://github.com/ARPST
UniMelb/SiennaNEM. ||

3.4 Operational timesequentiaframeworkof the NEM (SchedNEM.jl)

SchedNEM.jis an optimisationbasedpower system schedulinframework designed to perform
efficient system scheduling with intéemporal constraints required for capturing storage and DER
operational details. The core of the tool is a fast and flexible cost minimisation optimisation setup in
the programming languag#ulia[24] using the optimisation packagkeiMP[26]. The openrsource tool

can be found herenttps://github.com/ARPSUniMelb/SchedNEM. |l

While SiennaNEM.jis equippedwith extensive scheduling capabilities and detailed operational
representation, SchedNEM.jl is designed to be lightweight, fast, and easily customisible
specific focu®n core operational constraintén the context of this worksuch characteristicallow
SchedNEM.jlo be usedas a complemento PRASNEM,jallowing to capture a greater number of
operational detailselevant for assessingesource adequagyincluding storageperation and unit
commitment Specificcapabilities of SchedNEM.|l are:

1 SchedNEM enables users to setaupnit commitmentoptimisation model based on a PRAS
system model (for example generated by PRASNEM). Additional parameters such as costs or
technical constraints are taken from the data generatedPhyselSR. The formulation allows
to represent various technical constraints such as generation limits and ramping constraints,
inter-temporal storage energy conservation, and demand response constraints.

1 Theobjective function of the optimisatioframeworkisto minimise system operation costs
for a given horizorfwhich includes generatgsroduction and commitmentosts,as well as
load shedding cos}sThe maindecision variablemclude generator outputsand commitment
status storage operation decisions,and interconnector flows.In order to speed up
computations, the binary unit commitment variables can be reldieghrly, in line witH27].

The full mathematical formulation of SchedNEM.jl can be fanr&gA.2
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1 The model is designed for performing efficient rolling horizon simulations, with updating key
parameters in each iteration, which is embedded in one function to allow intuitive handling
of the packageThe core setup is to create duMP modefirst, which is then iteratively
updated from the PRAS parameters (e.g. VRE availabilitdgemdnd), carrying forward the
unit commitment status and storage levels.

1 Furthermore, SchedNEM includes capacities to read out key results, as well as to visualise

scheduling outcomes of the optimisation to allow detailed investigation and understanding of
operational details.

3.5 NEM reliability suite

TheNEMrveliability-suite is a code repository that integrates the described packages. It contains the
scripts that, from a user perspective, coordinate the developments described above to generate
datasets and run case studies. Its objective is to provide examples of use aggamamt code to
enable the replication of studies conducted within this projdegure3.1 summarises thgackage
managemengrchitecture within the NEMeliability-suite.

O

NEM-reliability-suite

System operability frameworks
SiennaNEM. jl
SchedNEM. jl

Julia data parser of
the ISP

Integrated System Plan ParseISP.jl

public data

Resource adequacy
framework

PRASNEM. j1

Figure3.1: General overview of the NEM reliability suite architecture.
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4 Energystorage foradequacy osupply

Energy storagdan general, encompasses technologies that s@me energy fouse at a latetime. In
the context of resource adequacy, storage systems are typically classified either by size (distributed or
large-scale) or by storage duration (shattiration or longduration).

Largescale storagincludestechnologies connected to transmission systetrat directly participate

in the electricity market. This includes utilitgcale batteries and pumped hydro storage systems
which can contribute to adequacy by charging from lasgale renewable energy and are therefore
typically includedexplicitly as supplyesources[28]. On the other handdistributed storage units
located in the distribution systemincluding behinethe-meter installations may not have direct
access to markeresources and may be limited loljstribution network constraints Therefore, their
operation may be capturedwithin the demand traces without th@otential to participate in the
market andhencewithout access to largscale generation for chargid8].

The duration of a storage describes how long a fully charged storage unit would be able to discharge
at its maximum power, i.e. describing the ratio between energy and power cagasityAlthough

the distinction is not mutually exclusive, a common one is to group storage with up to 6 hours of
duration as shorduration storage (mainly battery energy storage systems, BESS), compared with
long-duration storage, which typically includes pped hydro energy storage (PHE$)9]. However,

other researchers argue to differentiate at the-h®ur mark or morg30]. With regards to adequacy,

the general distinction is insightful since shddration storage might be fully depleted within a
specific loss of load evef1], while longduration storage is limited rather across multiple risk days
and potentially even seasofi32].

Numerous studies demonstrate the value of all types of storage for adequacy of §88phlwnd
therefore storage has been included in various adequacy evaluations in the litefadjrédiready in

2005, Bagen and Billintd@8] show that storage can contribute to adequacy of supply in systems with
variable renewable energy (VRE). Since then, various papers have addressed the challenge to quantify
the potential of storage to support adequacy of supply. This task is not straigiatfo, since storage
(without energy inflows) is not able to serve demandsolationand can only support adequacy by
shifting energy supply from other sources in tif3g].

Looking at distributed units, the contribution of storage to adequacy of supply mainly stems from
reducing (peak) demand. While this can be effective in supporting adequacy, its overall contribution
may be limited by the fact that it can lead periods with sustained high demand if it is operated to
shift demand from the peak to time periods just before or after the peak pgB6# Furthermore, if
connected to distributed solar generation, contribution to adequacy might be limitettidoamount

of solarPVenergy available on days with critical peak demdritis is the sole charging opportunity
[18].

From the perspective of larggcale storage, the possibilityf charging fromlargescale energy
generationthrough the markeenables storagenitsto increase the level of adequacy of supply of a
given system. This has been observed in modelling when adding battery storagyttem withPV
generation[37], [38] wind generation§39], [40]andmultiple technologie$41]. Here, the contribution

12 Hydro power stations might have additional natural inflows, which increase their contribution to adequacy of supply sinakothe
operation as generators in the traditional sense.
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of storage lies in shifting the excess energy from these generators from times of abundance of
generating capacity to critical periods in which the generators themselves might be limited (e.g. low
wind). Therefore, when considering generation investmesitstagecan unlock additional adequacy
contribution of the technologies, which means that investments for adequacy should always be
considered as a portfolio rather than the different technologies separdtgly[42]. Otherwise,if
investments are only ewidered for selected technologiesgparately the marginal contribution to
adequacy would decline with additional capacity. For example, if increasing levels of wind power
generation are added to a given system, the risk shifts to periods of low wind production, and adding
more wind power generatiorsiless beneficial for adequacy thaddingstorage to shift wind power

to the critical hours. This has been observed throughout the litergid®§ [44], [45]

Furthermore, he value of the contribution of storage to adequacy of supply is dependent on the
evaluated adequacy metric. Sun e{&f] notice that adding storage tasystem shifts the timing and

the frequency of loss of load events, and highlight that multiple adequacy metrics are needed to fully
capture the benefits of storage to adequacy of supflgng the same lines, Liu et @5] demonstrate

that the capacity credit of storage might not increase if a frequdrased metric is used insteadafi
energybased metricTherefore, it is important to evaluate adequacy undeultiple metrics to fully
understand the risk and benefits of storage.

In general, he contribution of storage to adequacy is fundamentally defined by its capacity and energy
available to discharge in critical period$iereare a range of factors, that can be roughly grouped into
exogenous factors such as equipment failures and weather conditions, as well as operational factors
such as profit oriented discharginthat may leave energy levels of storage lower than optimal for
adequacy. While exogenous factors are typically included in adequacy assessments (e.g. AEMO models
storage outages in the ESQN), operational factors remain largely neglected across the industry and
academia. In the following, the effect of imperfect operation on the contribution of storage to
adequacy of supply is explored in detail, before modelling approaches are discusseonspared

with industry standards.

4.1 Literature reviewon the effect of imperfect operation

To support resource adequacy, the theoretically best strategy is to charge a storage unit whenever
possible and only discharge to avoid loss of load events. This charging strategy is commonly assumed
for adequacy contribution calculations across the litara [23], [32] However, the actual charging
behaviour of storage might be imperfect with regards to adequacy purposes, leading to reduced state
of charge of storages in the lead up to potential critical periods compared to optimal operation under
perfect foresight. In general, it is assumed that critical periods would eventuate in aechigigh
incentive for storage to dischardgé6]. However, if the critical period is not anticipated beforehand,
storage might not be able to operate in an adequatgporting manner.

We therefore definemperfect operationand imperfect energy levelsn this workas any storage

operation and its corresponding energy levels which deviate from a purely adequiacyed

operation, i.e. not keeping the highest technically possible state of charge during normal system
operation (in the absence of load shedding). Theref imperfectis considered purely from a
NEfAFOATAGE LRAY(HD 2F @OASgx Oly2e¢tSRIAYI GKIFG G
for economic cosminimising obgctives.
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The main reason for a lower state of charge of storage units than desired for adequacy purposes is
scheduled market participation of storage units: If a storage unit is discharging due to market
incentives with not enough knowledge or incentiteshave energy availablier a critical period, its
contribution to adequacy will be reducgd4], [47], [48]

We have identified the following drivers of imperfect energy levels which have been described across
the literature. An overview of the drivers, as well as potential modelling approaches can be found in
Table4.1.

1)

2)

3)

4)

5)

6)

Unknown outagesimperfect foresight of future random outages may limit the contribution

of storage to adequacy. Dratsas e{@8] study this effect by simulating market participation

of storage units before sampling outages of thermal generators. The authors observe that lack
of knowledge of future system conditions results in higher loss of load levels and therefore
lower storage ontribution to adequacy of supply, especially for storage units with shorter
durations.

Unanticipated weather conditionstn a renewabledbased system, imperfect foresight might
also arise from unanticipated weather conditions, which limit storage contribution to
adequacy. Boegheird4] illustrates this through a case study of NEM conditions, modelling
the dispatch of a pumpedydro power plant ahead of low VRE conditions. The author
observes significant unserved energy when restricting modelled foresight of future weather
conditions.

Misalignedrisk andprice incentives:Perfect operation from an adequacy point of vigss
aimed atminimisingload sheddinghenceoperatingstorage unitsrisk-averse disregarding
potential economicoperation costs and prices in the marketowever, risk-neutral
independent storage operatorare not faced withthe impact of load shedding events,
thereforefocusing orprice incentivesTherefore, ligh pricesduring chargingeriodsmay also
reduce the adequacy support of storage, as recently observed on 24 August 202Southe
Western Interconnected Syster8\\VI$in Western Australia. Due to high prices and uncertain
future price and lack of reserve conditions, storage units were charged to only approximately
50% ahead of a high system peak in the evening, prompting the system operator to force
storage units to inrease state of chardd9].

Early discharging to secure profité&nalysis of real battery operation in the NEM by Grover
[50] shows that during a recent higprice event, battery storage units tended to discharge
early to avoid forgoing profit opportunities, resulting in less available swewergylater.

This has also been observed by Yang [&13) who analysed storage operation against perfect
foresight andnoted large discrepancies in storage operation, particularly due to early or
limited discharging during higbrice periods

Limited lookahead horizonThe impact of a limited foresight length on storage operation has
been described by Stephen et[aR] as well as Guerra et l32]. The authors observe a large
decline in adequacy contribution when storage dispatch is modelled without-tknmg
foresight, which is especialtyitical for long-duration energy storage.

Insufficient forecast data qualityHowever, the forecast quality of longesrm foresight may
also limit system adequacy, as observed by Sun[87§lhighlighting that longer foresight is
not always beneficial for adequacy. In a NEM case study, PrakasH5] dlescribe the
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limiting factor of foresight quality in the context of price development and battery rebidding,
which they observe has increased significantly in recent years.

7) Misaligned discharging objectiveShortduration storage discharge objectives during an
energy shortfall may be misaligned with adequacy metrics or goals. Gonzato[&t]al
investigate the discharging behaviour of a single sdaration storage unit during a shortfall.
Through illustrative studies, they show that depending on the storage operation objective
(e.g. minimise peak, minimise length), different adequacy resuity be obtained due to
discharging behaviour. This is especially the case foremergy metrics such as LOLH and
LOLE, which has also been observed by Dratsas et al when comparing perfect foresight with
other adequacyaware methodg44]. This is particularly critical for shedtration storage,
which may be energiimited during the critical periods itself.

8) Uncoordinated discharge of multiple storage unitk systems with multiple heterogeneous
storage units, imperfect discharging strategies become even more criidalards et g54]
investigate different strategies of sheduration storage units and note that misaligned
discharging could lead to scenarios where, in case of shortfall, not all capacity may be available
even though sufficient energy is storethis challengdasalso observed by other authors
across the literaturg55], [56]

9) Provision of system services or reservéfsstorageprovidessystem services or reserves, this
can influence its operation and therefoits ability to mitigate loss of loafb7]. For example,
if a storage unit is providing upward reserve, it must maintain a headroom to respond,
effectivelyreducing its maximum state of charge

Under real conditions, largecale shorduration storage discharging strategies are divease¢can be
observed in the Australian NEMs Grove[50] describeswhilst diverse discharging strategies mean
that various storage units operate somewhat complementarily, their operation can adapt quickly and
operators change their discharging strategies dynamically based on other storage opesatidarly,

Yang et g51] analyse storage operation against perfect foresight and note large discrepancies in both
storage operation and profitsThis highlights the need for accurate representation of storage
operation in adequacy studies. In the following, modelling approaches to address imperfect operation
are presented.

4.1.1 Modelling Approaches in the Literature

Storage operation could be somehow included in traditional convolutiotbased adequacy
assessments by considering historical operation patterns (see[®83. [59). However, since
probabilistic sequential Monte Carlo based approaches are better suited to capturesémqmesntial

storage and DER operation, and are established across literature and inf@}s{B}, [34] we focus

on storage representation in this method.

In sequential MC adequacy assessments, common approaches for storage modellpeyface
foresight (e.g.[37], [39] which is also the most common in industry; see below), as wejiesesly
management(charging whenever possible, discharging only when needed)28]g[32], [42], [56],
[60]). However, as mentioned above, these approaches focus on adequag operation and do
not capture imperfect operation leading to overestimatesTo address imperfect adequacy
contribution of storage with regardot operation, multiple different methods are proposed in the
literature.
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Determining storage operation before changing system conditi@xpéctation dispatch could
address limited knowledge of future states within adequacy modelling. This approach is proposed, for
example, by Zhou et 6] who consider distributed storage operation with peak load minimisation
then apply the storage schedule to the nleiad curve before determining outages via Monte Carlo
samplingA similar approach is employég Stephen et al32], whooptimise storageto minimise net

load peakdefore sanpling outages

Tofurther introducemarket based imperfect operation of storagetrarket-based dispatctcan be
employed before sampling system conditions. This approacdisdad for example, by Liu et 5],

who calculate the optimal system dispatch in a unit commitnleast costproblem, before passing

the netload curve to the Monte Carlo sampliridultiple further works in the literature determine
the storage schedule based on minimum system cost optimisti8]y [44], [45], [61] While profit
driven operation ofactors could beadditionallyimplemented for example via complementari§2],

or agentbased modelling63], the desire to evaluate a comprehensive set of scenarios limits this
application due to computational complexity.

Additionally, to represent a limited foresight lengttolling horizonoptimisation can be employed.
Stephen et al32] implement this by comparing 24-hour rolling horizon with ‘hour stepsapproach

with the greedy managementor expectation dispatchmodelling. Rolling horizon dispatch is also
proposed by Sun et 4B7], who perform a rolling horizon optimisation with Zdour steps and
combine perfect foresight (of outages) within the day with imperfect lookahead for houB6 24thin

the simulation. Addessing forecast data qualityhe authorsfurther proposeusingforecast errors
when determining the system dispatcithe authors specifically employ imperfect solar power
production for scheduling the system, including storage within hybrid plavitéistthe rolling horizon
scheduling can be powerful in representing limited knowledge of the future, its implementation within
adequacy assessments is limited by its computational complexity due to potentially many optimisation
runs|[32].

Considering the potential misalignment of the discharging objective of the storage unit with the
adequacy metric, Gonzato et §81] suggest that modellers should explicitly and transparently
describe the selected storage operation. This is particularly relevamstsk@ssments afon-energy
based metrics such as duration of shortfalls (LOLH).

To address the discharge of multiple storage units, multiple heuristic approaches have been proposed.
Evans et a[55] propose a mathematical optimal approach to discharge storages based on their
potential longest discharging time first in every timestdpis approach is implemented in the
adequacy assessment engine PRA&S]. However, to simulate imperfecand uncoordinated
discharging, other approaches could be employed. Edwards [Bdhpropose to dispatch storages
proportional to their energy levelsyhich aims at providing equal discharging so that no storage is
depleted first. Alternatively, Zachary et #b6] propose to discharge heterogeneous storage units
based on roundtrip efficiency to maximise available energy at any time.

An overview of the drivers of imperfect operation of storage and potential modelling approaches can
be found inTable4.1. The next sections widlddress details ahodellingspecifically with regards to
balancing storage operation and capturing leshgation storage, before reviewing current industry
practice
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Table4.1: Drivers of imperfect storage operation ameposedmodelling approaches

Category Driver of imperfect operation Potential modelling approach
Unknown outage$44] Expectation dispatcti32]

Uncertainty Determine adequacyiriven operation before
Unanticipated weather condition$4] sampling system conditions
Misalignedrisk andpriceincentives[49], [53] Market-based dispatct44]

Markets _ Determine profitdriven  operation  before
Early discharge to secure profj&0] sampling system conditions

Rolling horizon32]
Limited lookahead horizof32]
Limit lookahead of storage optimisation

Forecasting

o _ Forecast error§37]
Insufficient forecast data qualifyg7] .
Use erroneous forecasts for dispatch

Explicitly describing discharging objectives (¢

Misaligned discharge objectiy81] min peak, min duration)

Coordination
) ) _ Proportional dispatci54]
Uncoordinated discharge of multiple un[&4]
Dispatch storages based on state of charge

Services Provision of system services or reser{&s Explicit modelling of reserve requiremefi8]

4.1.2 Balancing conservative and optimistic storage operation for adequacy

Whilst the above approaches can address specific aspects of imperfect storage operation, the
modelling choice can significantly influence modelling results, which could potentially reflect a very
conservative view compared to the optimistic assessment gugperfect foresight or greedy
management. This has been described by Stephen[82Bhnd can be clearly observed by looking at

the state of charge of the battery across different samples Egared.1). Here the authors describe

the largely different state of charge when using rolling horizon (bottom), compared to greedy
management (middle) or expectation dispatch (top).
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window. The bottom figure includes a zoomed in section to show the energy levels which are consistently low across the
whole yearTaken from Stephen et [2].

While an expectation dispatch can help address imperfect storage operation, it might be overly
pessimistic for storage operation, due to the modelled inability to react to changing system conditions
In amarketcontext, critical hours are expected t@sultin high prices to which storage would react

in reaktime if allowed by the markeatules For examplen the Australian NEM, storage units regularly
perform rebidding based on updated market expectatib8].

This has been described by Dratsas ¢#4] and can be seen iRigure4.2. Whilstthe marketbased
expectationdispatch (labelled'fixed schedulé 0 S Ele highiest Bevels of loss of load hours,
perfect foresight and greedy management show tloptimistic' adequacyaware operation results.

To find a morerealisticadequacy operation, the authors proposeal-time redispatch,which they
present as a combination of expected dispatch (with adequacy or marieted objective based on

a parameter), as well as a contribution of storage to respond to randomly sampled thermal generation
outages.
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In Figure4.2, note that the difference between perfect foresight and greedy management arises only
because of the adequacy metri€an energybased metric had been chosen, these would exhibit the
same adequacy levels. This highlights again the importance of using multiple metrics to properly

capture the impact of storag7].

Two further methods aim ta@apture storage operation in #ade-off between adequacyocused
operation and expectation dispatcif capacity markets and ngperformance penalties are present
To includeanticipatory storage operation fadequacyKimet al[65] propose a stochastidynamic
optimisation approach in which storage operation is optimised based on price expectations and LOLP
levels in future timesteps, with penalties for noeperformance in reliability events. With similar
considerations regaidg reliabilityaware operation, Qi et aJ47] propose a storage operation
modelling algorithm for reliabilitthat considers strategic capacity withholding in normal market
operation but includes capacity market calls (i.e. redispatch) when shortfalls §visist these
methods are advanced in storage scheduling, they are computatiangdiysiveand therefore only

limitedly compatible with MC sampling.

4.1.3 Long duration storage considerations

As can be seen iRigure4.1, seasonal patterns might be missed if the foresight length of storage is
reduced. However, since hydro power stations and otherddmgtion storages might anticipate the
seasonal risk periods, these patterns need to be included in adequacy modelling.

In general, if the whole simulation horizon is simulated at once (e.g. a whole year), seasonal risk would
be captured by longluration storage dispatcl{32]. This is also regularly done in adequacy
assessments (e.g44], [45], [61). However, this may be overly optimistic, given uncertainty and

limited knowledge of future system conditiof32], [37]

On the other hand, &olling horizonapproachwith longterm lookahead might be most realistic to
capture longduration storage dispatch. There is extensive research on hyolwer scheduling under
uncertainty, including considering decisidependent uncertainty (DDU) via stochastic dual dynamic
programming (SDDHP6]. However, including detailed scheduling under uncertainty with long
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foresight horizons is not feasible for extensive adequacy assessments due to the high computational
burden[52]. Therefore, approximations are necessary. Guerra[@2ibescribe different approaches

in the literature to dispatch longuration storage under a rolling horizon optimisation, namely
extended optimisation horizons, pmetermined end volume targets, assigning stored energy value
and variable time step optimisian. They observe an increase of capacity credit of 13486 when
implementing thes different scheduling assumptions, compared to no additional -dungtion
storage considerations, showcasing the need for nuanced modelling oilmagion storage.

Overall, longer foresight is required for the dispatch of ldngation storage in adequacy assessments
[32]. However, no best practice methodology has been identified in the literature. The differences in
dispatch approaches can also be seen in the following overview of industry approaches of storage
operation.

4.1.4 Industry approaches for storage operation

The common approach by system operators and planners around the world to include storage in their
adequacy assessments is based on perfect foresight operation, in combination with additional long
duration storage constraints. An overview of selected systgrarators can be found ifiable4.2.

While this overview is non exhaustive, it can provide some insight into different approaches and the
current state of adequacy modelling in industry.

Table4.2: Overview opractices of selected system operators and planners around the world.

. Additional
SlLuspeTeaton . . Additional long Risk drivers : s
Country level Shortduration Dispatch . . imperfect
. Report . . . duration storage explicitly .
(Organisation) (% total installed power | storage modelling horizon . . foresight
. considerations addressed .
capacity) constraints
Forecasting
European Resource BESS 2% . o
Europe . Daily- . . (limited
(ENTSE) Adequacy Assessment Hydro 17% Perfect foresight week Reservoir level limits foresight
(ERAAJ7] (2025)[68] Y 9
length)
Forecasting
5 . . BESS 12% . S
United Kingdom Resource Adequacy in the ? . Uncertain future (limited
Hydro 5% Perfect foresight 2 days .
(NESO) 2030s[69] pathways foresight
(2025)[68]
length)
Alkisland Resource BESS 7% . . For.ec.astlng
Ireland . Daily- Preoptimised (limited
(Eirgrid) Adequacy Assessment Hydro 5% Perfect foresight Weekl eneray targets foresight
& (AIRAAJ70] (2025)[70] Y gy targ g
length)
BESS 1%
Germany Versorgungssicherheit .
. Hydro 5% Perfect foresight Year No
BNzA Bericht 202571
(BNzAg) Strom Bericht 202671] (2025)[68]
BESS 1%
Belgium Adequacy and Flexibility .
. Hydro 4% Perfect Foresight Weekly
Elia; Study 20262036[72
E2) v (72l (2025)[73]
Historical
behaviour may
Western Assessment of BESS 5% Historical hourl capture
USA/Canada West > I. . ' . ury Pt
(WECC) Resource Adequacy Hydro 23% distributions of markets,
(WARAJ58] (2024)[74] storage dispatch forecasting,
coordination
and services

Pageb8



. o . .
USA/Texas NERC Lorgrm reliability BESS 8% 04) capacity credit
(ERCOT) assessmenfe5] Hydro <1% (will be changed to
(2024)[75] ELCC in the future
Greedy
2025 PJM Effective Load management
; I BESS 3% (Discharge longest
USA/East Carrying Capability and Lo
. Hydro 1% duration first, Hourly No
(PIM) Reserve Requirement (2026127)[76) charge
Study[76] arg
proportionally to
capacity)
Indonesian Electricity Static constant
Company planning reports| BESS 0% schedule in hybrid
Indonesia (RUPT[Z7]) and Hydro 0% with PV setup for
LYR2YySaAl Q3 (2025)[77] future
Energy Plan (RUKRB]) developments
Chilean Power
Fixed i LOLE i Iculated
_ Generators Bulletifi79] BESS 5% Ixed capacity s caleuate
Chile . credits depending assessing various
Chilean Law (Decree 70) Hydro 19% . .
on duration hydrological traces
[80]
BESS 10% Energy
NEM Electricity Stats t Hydro 10% i
Australia/NEM ¢ nc_lt_y aemen yero > ) Preoptimised capgmty
(AEMO) of Opportunities (ESOO) (WEM for reference: Perfect foresight Weekly eneray targets derating of
v BESS 18%iydro 0% 9y targ shortduration
(2025 [81] storage

In the continentaEuropeanadequacy assessment, ENTES@onsiders the contribution of storage to
adequacy of supply through the European Resource Adequacy Assesfvipn®hortduration
storage is modelled with perfect foresight, whilst ledigration storage in the form of pumpelalydro
energy storage (PHES) is subject to additional reservoir limits to ensure seasonality.

In the United Kingdom'sesource adequacy assessm@s®], short-duration storage operates within

a two-day horizon with perfect foresight, whilst lomyiration storage is managed through providing
the model with multiple future pathways. This approach incentivises the optimisation model to avoid
full discharge osr the two-day scheduling horizon.

In Ireland and Northern Ireland[70], system operators include storage through optimising its
operation with perfect foresight. Londuration storage is pr@ptimised to obtain weekly energy
targets, which then serve as soft constraints within the shenn dispatch module.

The Germannational resource adequacy repdiil] optimises storage operation over the entire
outage sampling year, thereby capturing perfect foresight of both stioration and lonegduration
storage.

TheBelgiansystem operator Elia is also considering storage with perfect weekly foresight within its
adequacy studiefr2]. Longduration storage is not explicitly mentioned.

In North America the North American Electric Reliability Corporation (NERC) compiles annual
resource adequacy reports based on various regional assessifiésitsReliability is generally
assessed using planning reserve margins, though recently extended to probabilistic metrics such as
expected unserved energy (EUE) and loss of load hours (LOLH).
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In the American western interconnection (WECJG8], adequacy assessment employs a convolution
based method that probabilistically combines resource availability and demand to quantify "demand
at risk". Longand shortduration storage is included based on historical operation distributions at
hourly resoluion, which is then matched against the hourly demand distribution.

Within the eastern connection in the UFJM[76] assesses adequacy using hourly sequential Monte
Carlo sampling with storage operated under "greedy management". Discharging is modelled only in
case of shortfall based on storage size, whilst storage is charged whenever possible at rates
proportional to sbrage capacity.

For the Texaspower system, resource adequacy is assessed through sequential Monte Carlo
simulations using the software SERYM]Z ¢ KA OK R2Say Qi R20dzySyiad Ada 7
publicly. However, ERCOT currently assigns a 0% reliability contribution to battery energy storage for
planning reserve margin purposes.

Indonesiacurrently has no griggcale energy storage systems. Future storage operation remains
speculative and depends on modelling assumptions. In resource adequacy and planning studies, the
system planner PLN considers storage either as standalone units or iad plmts with solar PV
generation[77]. In hybrid plants, storage is modelled to flatten solar PV output, making the combined
power output follow a constant baseload profile. Standalone plants are considered to operate as peak
shavers

In Chile resource adequacy is assessed through a capacity margin approach. Within this, the
regulatory frameworK82] formalises the capacity contribution of utiligcalebattery storagehrough

a duratiortbased recognition scale. Under this methodology, firm capacity credits are tiered to reflect
their contribution to resource adequacy:hbur systems receive a 36% credih@ur 65%, dhour 85%

and 4hour 98%. Full 100% recognitionéserved for longluration storage of 5 hours or more.

In Australia, AEMO considers storage in its key NEM adequacy modelling report, the Electricity
Statement of Opportunities (ESO{J)]. Longduration storage is first optimised to obtain weekly
energy targets to capture seasonal uncertainty. Subsequently, within weekly intervalsgdsinatibn
storage is optimised to operate with perfect foresight. To address imperfect foresight afrpatt
storage, derating is applied to the energy capacity of the storage ub&y for <1.5h storage25%

for 1.5h to 3.5hstorage,-10% for 3.5h to 7.5h storage).

Across these jurisdictions, a diverse range of storage operation modelling approaches is evident. Most
assessments employ perfect foresight for shduration storage, though with varying time horizons
(from two days to one year). Lowmyration storage istypically managed through additional
constraints or preoptimisation to capture seasonal patterns. However, the treatment of imperfect
foresight varies significantly: whilst some jurisdictions apply derating factors (Australia), others rely
on historical dstributions (WECChand some do not yet formally recognise storage contributions
(ERCOT)rhe heterogeneity in approaches and the predominant absence of imperfect operation
modelling underscore both the technical complexity of realistic storage representation and the lack of
consensus on best practice methodology, highlighting the critical farealtlvancedandtransparent
storagemodelling assumptions in adequacy assessments.
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4.2 Research questions

To systematically evaluate the effects of imperfect storage operation for system reliability and
resourceadequacy, we ar@vestigatinghe following research questions:

1. What methodologyllows capturing theincertaintyassociated with energstorage operation
in adequacy assessments?

2. How large is the risk related to the uncertainty of storage operatioa system with high
storage penetration?

3. How does reliabilityrisk change with increasingenetrationsof storagein a transitioning
system?

These research questions guide the developmerihefmethodology, case study setup, and insights
in this chapter, whiclare discussedtbelow.

4.3 Modelling approach for energy storage

Building on the insights from the literature review, the storage modelling approach adopted in this
work focuses on explicitly representing tlig imperfect foresight of storagenits and their(ii)
responses to evolving system conditioAs discussed above, both aspects mustnimdelled to
appropriately balance the tradeff between overly optimistic and overly conservative treatment of
storage operation.

Within the scope of this project, the representation of storage operatia implemented by
integrating the modelling frameworks for tireequential scheduling and sampliraf system
conditions in a threestage procedureThe detailednathematical modelling and gharametersare
described imppendix9A.2 and the full sourceode can be accessed in tNEMreliability-suite. The
setupwith respect to storage operatiois summarised irrigure4.3, anddescribed in detail in the

following:
o 2] [3)

Storage scheduling Outage sampling Response evaluation
& "o Q

Storage Critical
SchedNEM. 1 schedules PRASNEM. 51 j" 5:‘3;” SchedNEM. j1
etails
—.

Reflecting system operation in critical
Scheduling storage under imperfect Simulating probabilistic infrastructure A system states with storage and

foresight and market operation outages to identify potential load generator responses

shedding situations ) L 5 5
Sequential rolling horizon scheduling Rolling horizon implementation with

with 48h horizon and 24h steps Sequential Monte-Carlo Simulation maximum 48h horizon and 24h steps
of the full year (8760h) of each hour in the full year (8760h) {depending on outage ple)

Figure4.3: Overview of the proposed methodology for capturing storage operation within the adequacy framework.

1. Storage scheduling under imperfect foresight
To reflect a markebased system operation, the first stage employs the system scheduling
framework SchedNEMhat has been developed for this project. This generates realistic
storage charging and discharging profiles for each day, based on expected generator
availability and VRE production traces. By deriving storage dispatch schedules explicitly
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without knowledge of potential outage situations and to minimise system costs, the results
reflect a stylised market environment in which storage operation is determined with
imperfect foresight and based on price expectatioBecause the methodology relies on
storage schedulingeparate tooutage sampling, we derate the storagewercapacity by the
forced outage rate

2. Probabilistic infrastructure outage sampling
The second stage incorporates the storage schedules from stage one and evaluates system
performance under probabilistic infrastructure outages. This is performed by employing
PRASNEM.jl with the underlying adequacy engine PRAS. While storage dispatthixede
in this stage, sequential probabilistic outage sampling of generation, storage and network
infrastructure is performed to identify critical system states that may lead to unserved energy.

3. Response simulation in critical system situations
To accurately capture the response of storage and other units in critical system events, the
third stage employs the timsequential operation framework @chedNEMThis stage takes
the critical situations identified in stage two andsinulates them with flexible storage and
generator schedules to enable reactidispatch.

With this methodology, weapproximate a representation ofimperfect storage operation by
specifically captungthe following risk drivers identified in the literature revi¢aeeTable4.1):

1 Uncertainty: Storage schedules are determined in stage one without knowledge of realised
system conditions as simulated in stages two and three. This results in storage operation
based on expected conditions and allows capturing potentially lower energy reserves than
desired for system reliability.

9 ForecastingThe scheduling of storage is performed in a rolling horizon setup to réfect
potentially limited lookahead of its operation. Additionally, this methodology allows errors to
be introduced intahe underlying datahat inform scheduling, reflecting forecast data quality
issues.

1 Markets: Thecostbased optimisation framework for scheduling storégestages one and
three operation enables simulation of marketiented storage operation based on price
arbitrage.

Overall, these three stages allawwore realisticoperational details of storage to be captured whilst
maintaining computational tractability and efficiency by avoiding simulation of all possible system
states with the same operational detail. Whilst stages one and three eng§gbgdNEMo capture
complex intertemporal constraints andnay becomputationally intensive, the use 8RASn stage

two with lower operational representation to identify potentially critical conditions enables a high
number of probailistic samplesTable4.3 provides an overview diow the proposed methodology
may be able to capture the risk drivers that have been identified abMnéle we focus oucase study

on a subset of all risidriversto demonstrate therisk related toapproximatingimperfect storage
operation,the fullmethodologyframeworkmaybe used to capture altentifiedrisk-drivers explicitly.
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Table4.3: Overview otapability of modelling aspects to address tdentifiedrisk drivers

Baseline Proposed methodology
Greedy Perfect Expectation | + market +rolling | +response| Represented
dispatch | foresight dispatch based horizon simulation | in this work
Unknown
outages X X X X X
Uncertainty .
Unanticipated
weather X X X X
conditions
Misaligned price
incentives X X X
Markets
Early discharge
to secure profits X X X X
Limited
lookahead X X X X
horizon
Forecasting
Insufficient
forecast data X X X X
quality
Misaligned
discharge X X X
objective
Coordination
Uncoordinated
discharge of X X X X X X
multiple units
Provision of
Services system services X X X X X X (X)
or reserves

We emphasise that this methodologgmains a simplified approximation of storage operatipas is
inherently the case for any modelling framework. However, it may provide a more realistic
representation of markebasedstorage behaviour, leading to adequacy outcomes that differ from
the more idealised approximations commonly adopted in academia and industry. Accordingly, the
objective of this analysisTable0.8 not to predict actual storage operatisnbut rather to assess the
uncertainty and adequacy risks associated with alternasittrage opeations under an evolving
resource mix.

4.4 Case stug parameters

To understand the implications aépproximating storage operationwhen assessingesource
adequacy, we compare thregorage behaviour assumptions
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1. High energy Storageunits maintain state-of-chargelevels as high as possible to maximise
availabilityduring critical periods. This approximatipadopted for example by PJIM irts
adequacy assessment studi¢s6], reflects storage operation under adequaoyiented
incentives such as capacity or reliability schermdsgsapproximation is embedded within the
PRAS heuristic dispatch.

2. Derated energy This follows the same heuristic #s High energy strategy, maintainng
state-of-chargelevels as high as possibléowever, to approximate limitedtorageforesight
a derating is applied to the energy capaafystoragesystems, particularfBESS and VEP
This derating ibased orfactorsusedin! 9 a h Qa I RS |j dzl, theESOQE]Sh@mgeY Sy i
units with less than 1.8ours ofduration, as well as VPRsereduced to operatingt 50% of
their energy capacityUnits with less than 3.Bours ofduration are derated by 25% energy
capacity, and units with less than hbursare derated by 10%. Larger storage units are not
derated in energy capacity.

3. Economic operationThis approximation is implemented through the workfloescribedin
Figure 4.3 Thisapproachassumes that storage units make operatitgcisionsbased on
economic signals under limited foresight.

A summaryof the three approaches shown irFigure4.4 Figurebelow.

Al A2 A3
High energy Derated energy Economic operation

------------------------------------------------------------------------------------------------------------------------------------------------------------

Storages keep energy levels
as high as possible (Al).
A derating is applied to energy capacity
to approximate limited foresight

Storages make operating decisions
based on economic signals
under limited foresight

Storages maintain energy levels as
! high as possible to maximise availability for :
periods with higher demand H

Figure4.4: Overview of the three different storage operation approximations compared.ba3ésl on the adequacy
assessment framework developed in this report.

We applythe three storage opertion strategiespresentedto evaluatethe resource adequacy of
ldzZaGNF E Al Qa SlFad 021 al -sidréghNdetvériirépsentaiidn Gdogied dza A y 3
in the 2024 ISIB3]. The analysisonsidersghe expected infrastructureeploymentsunder the Step
Changescenario Optimal Development Pati{ODP)for the planning horizon 2022040, which

exhibits gprogressive transition towardsigh penetrations oénergylimited and weatheidependent

resources, as summarise@uTable4.4.

Table4.4: Installed capacity as percentage of peak demaridr the base case scenario,
based on the 2024 ISP Step Change scefgg]o

Base case capacitintegrated System Plan NEM
Year 2025 2030 2035 2040
Firm capacity(%) 85% 53% 31% 28%
Storage (incl. VPRYo) 20% 53% 75% 91%
VRE%) 127% 206% 245% 235%
Hydro (incl. PHES(Pb) 20% 22% 25% 22%
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We consider demandside flexibility in the form of aggregated storage unit§VPPs)that are
approximated to operatdollowing the sameoperation regime as utilibgcale storagelmportantly,

other forms of demand responsare not consideredn this case This igo isolate and specifically
understandthe effects of storage operatiofseethe detailed DER analysis@hapters below).

We evaluate adequacy using 500 randomly selected outage sample®ss generation and
transmissionassets,as well astwo weatheryear referencetracesfrom the 2024 ISP trace3he

weather yearsisedfor this studyare sdectedbased on average VRE availability to captareewable
generationvariability.

1. AhighVRE energgcenario(referenceweather trace of theyear 2019 with peak demand of
50% probability of exceedancBQE)

2. Alow VRE energgcenario (referenceweather trace of theyear 2011with peak demand of
10%POR.

We note thatalthough the high VRE scenario has the highest overall energy availability among the
provided reference traces, the adequacy risk is concentrated during low VRE periods in winter.

4.5 Insights and Results

4.5.1 Implications of different storage operation approximations

To analyse andinderstandthe storageoperation under the three differenapproximatemodek,

Figure4.5 presentsthe average state of charge of each sh@hd mediumduration unit, including
VPPs, for a given planning year

The highenergy model assumes storage units remain as fully charged as possible, whereas the
deratedenergy model assumes they operate at lower staté-charge levels depending on their
storage duration. In contrast, the econoraperationmodel approximatiorresults in lower average
state-of-charge levels for storage units across all durations.

Storage energy levels | Planning year 2040
100 r

80
60

40

20

Average state of charge [%]

I Al: High Energy
[N A2: Derated Energy
I A3: Economic Operation

0 [N TENANNNNNNATNAY ¥ NN
QLD NSW VIC TAS SA

Storage units per state

Figure4.5: Average energy levels of shdiration storage units (BE&8d VPPacross the NENh 2040underthe three
storage operation approximations
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While the average state of charge across the storage operation assumptions reveals significant
differences irthe dispatch, these differences are also reflected in the daily charging and discharging
profiles shown inFigure4.6. Assumptions A1l and A2 do not exhibit clear average daily operating
patterns, consistent with the objective of maintaining storage units as fully charged as possible for
adequacy purposes. In contrast, ABerates inan economicallydriven manney charging during
daytime and discharging during evening peak and nighttime hours.

Average storage operation | Planning year 2040

Al: High Energy
A2: Derated Energy
——— A3: Economic Operation

20 -

10 -

-10 -

-20 F

—-30 F

Charge/Discharge [% of power capacity]

0 6 12 18
Time of day

Figure4.6: Storage operation across the day, as observed in the schedplarioing year 204@nder the three different
storageoperationapproximationgAl and A2 botlare overlapping)While the lines show the median operation across all
days, theshaded areas show the interquartile range (28580 of thedaily values.

Overall, we observe that thproposedstorage approximatior(A3) yields a significantly different
storage dispatclirom the adequacyoriented storageoperation heuristicsin PRAA1 and A2)This
highlights the significant uncertainty associated with the underlying representation of storage
operatiors in adequacy assessments. In the following section, we investigate ditferent
approximationf storageoperationsaffectresource adequacy outcomes as the capacity mix evolves.

4.5.2 Reliability sk due to storage operationahpproximations and
assumptions

Figure4.7 presents the results of the NEMide reliability risk assessment under the three storage
operation approximations, based on the case study parameters described ,ab@mrghe planning
horizon 20252040 This figure presents the average annual unserved energy {0ISE¢ system and
simulation settingslescribed irSectiord.3.

Under thehigh energyassumption(Al) the system exhibitedequacy level®oth within and well
belowthe reliability standardFor examplein the simulation setting considerethe achievedJSEnN
2040 is0.0000456,which is44 timeslower than the reliability standard d@f.002% USEucharesult
suggests that iall storageunits operate with perfect or neaperfect foresight and can fully realise
their energy capacityo supply during periods of high demanithe NEM would maintain adequate
supply margins throughout the assessment period.

Under thederated energyassumption (A2), unserved energy levels increase after 2030; however,
average system USE remains within the reliability standard. This indicates that approximating storage
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operational constraint®y limiting the state of charge (energy capacity deratinggteriallyaffectsthe
estimation of system adequacy, although the system may still retain sufficient adequacy margins
under this assumption.

NEM-wide reliability risk

0.0035

[ Al: High energy

[EE A2: Derated energy
[ A3: Economic operation
— — Reliability standard

0.0030

0.0025

0.0020

0.0015

0.0010

Average annual USE [%]

0.0005

0.0000

2025 2030 2035 2040
Planning Year

Figure4.7: Average annual unserved energy (USE) for four selected planning years and the three system operation
approximations based on 500 outage samples and teterenceweather years of high and low average VRE availability
USE is aggregated acrdbe whole NEM andormalised by the total annual demand

The impact ofelecting a specif&torage operation approximatidmecomegarticularlyevidentwhen
assessinghe economic operatior{A3) model Under this representationras shown inFigure4.7,
system adequacsgieterioratesafter 2030, withan observed annual U®&ceedind).003%n 204Q

Together with the results obtained under assumptions A1 and A2rékidt demonstrates thatas
storage becomes a dominant component of the resource mix after 2030, adequacy outcomes
become increasingly sensitive to the operational representation of storag®pted. The divergence

in annual USE levedsnongthe three approximations highlights that the assumptions used to model
the operation ofenergystoragefacilitiescan materially influence reliability assessment outcomes.

This finding has important implications across bpidmningandoperationaltimescales. Under a wide

range of plausible storage operating assumptions, reliability risks may be either -uoder
overestimated. For example, comparing cases A1l and A3 shows that, under Al, the observed USE
levels could suggest that the system remainithin the reliability standard, whereas under A3,
assuminga more economically driven representation of storage operation may reveal emerging
reliability risks.

Consequently, at the planning timescale, adopting assumptions aligned wittorAdxample could

lead to underinvestment in firm capacity, network augmentations, or other reliability resources. Such
mischaracterisation of adequacy risk may increasdiktadihood ofcorrective operational measures,
including operator interventions and load shedding.

To assess thienplications of the storage operation assumptsdar the wider risk profile, we examine
the average tail risk across the 5% werase scenarios with respect to annual USEhasg/n inFigure
4.8. Comparing the different storage operation algorithms, we note that witle adequacy
estimation of the average ridkecomes inherently morgolatile as storage penetration growsails
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may become even more dispersed across storage approximatiédsglitionally, thehigh energy
approximation most optimistic in terms of storage operatidor adequacymay not everrevealthe
potentialtail risk at all.

NEM-wide tail risk

0.014 -

[EZZ23 Al: High energy
A2: Derated energy
0.012 A3: Economic operation

0.010 -

0.008

0.006 -

0.004 -

0.002 -

Normalised CVaR(95%) of annual USE [%]

0.000 : : e
2025 2030 2035
Planning Year

Figure4.8: NEMwide tail risk with respect to unserved energy (USE) for selected planning years and three different storage
operation approximations, based on 500 outage samples and two reference weather years of high and low average VRE
availability.

The key message is that resource adequacy leaelson average, sensitive to storagperation
approximations, but this sensitivity may be even more pronounced irrikilevents. As storage
penetration increases and becomes a dominant part of the resource mix, the choice of storage
operation modeltherefore materially influences not only mean adequacy outcomes but also the
distribution of extremeUSE observations in adequacy assessmémisprepare against this spread

and uncertaintyin the tail risks,a broader set of metrics may be required to assess adequacy risk
comprehensively, alongside potential policy measures to hedge within both planning and operation.

A broader set of metricscombined with the use od set ofapproximations forstorage operations
within the same assessment, will be essental anticipating and quantifying the inherent risks
associated with forecasting storage behavioir storage and renewablesiominated systems. This
will enable system operatorand plannersto account for the uncertainty introduced by different
storage representations when making investment and operational decisiBnsnulti-metric
assessment ofhe reliability risk of the NEMinder the context ofthe storage approximations
presented inchapter 6.

4.5.3 Impacts of storage operation approximations othe full risk
distributionand change in risk profile

After analysing metrics quantifyiryerage and tail riskwe now investigate thextended probability
distributions of annual unserved energy across the storage operation approximatiochesr study In

the resultsunderassumptionA2: Derated energyhe distribution of unserved energy samples shows
concentration in smaller events, suggesting moranageabldoad sheddingevents In contrastA3:
Economic operatioexhibits a more uniform distribution of events with a more pronounced and larger
tail, indicating greater variability ireliability events
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A key takeaway is that the differences extend beyond higher levels of load shetidingliability

risk distributions themselves become less predictable under differasisumptionsabout storage
operations. Hence, dfferent storage approximations may produce fundamentally different risk
distribution profiles even under identical weather and outage conditions, highlighting the strong
influence of storage behaviour on adequacy outcomes. This divergentteiiefore, not merely a
matter of magnitude but rflects a qualitativeehange inthe nature of adequacy riskhat is, theHsk
profileQ driven by the heterogeneous ways in which storage may respond to evolving system
conditions.

Moreover, he differencesobserved in theshapes ofrisk distribution suggest that assumptions of
GLINBRAOGI 0t S¢ adt2NI3IS o0SKFE@A2dzNI Y& y2 f2y3aSN K
storage becomes a larger and more influential component of the resourcefiie NEMbeyond

2030, its operational behaviour becomes increasingly fundamental to both system operati@ngnd

term resource adequacyprior to this transition, different storage operation approximations may still

produce relatively similar adequacy results; however, as sw@netration increases, adequacy

outcomes become progressively more sensitive to how storage behaviour is represented.
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Figure4.9: Distribution of annual USE per sample across the different underlying planning years, as well as storage
operation assumptions.

Further details on the NEM reliability risk profile, including evewmel analyses under different
storage operation approximations, are presented in the consolidated reliability risk assessment in
Chapter6.
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4.6 Keyfindings

The following points summarise the key findings of ttimapter, highlighting the implications of
approximationdn storage opeations for resource adequacy assessment in storagd renewables
rich power systems.

9 Storage operation will become a firatrder driver of resource adequacy after 203@s firm
capacity retires and power systems worldwidiecluding the Australian National Electricity
Market, increasingly rely on energimited resources to firm renewable generation.

9 The contribution of storage systems to resource adequacy is highly conditional on their
operating behaviour it is strongly tied to a broad range of factpiscludingcurrent state of
charge, charging opportunities, markagnals operator foresightis well asisk aversionand
the ability to preserve energy ahead of critical periods.

9 Storage operation assumptions at the planning stage can reshape the full reliability risk
distribution, affecting not only theexpectedmagnitude of unserved energventsbut also
their spread, skewness, and taike therefore, no singlastorageapproximationproves to be
sufficient, and adequacy assessments shaiird to testmultiple plausible storage behaviours
within the same framework.

9 Storage behaviour uncertainty should be treated as a fundamehtalew dimension ofrisk
in resource adequacy assessments for modern power systegagh a dimension should be
added to already welkstablishedrobabilistic generation and transmission outages, demand
variability, and weathedriven renewable availability.

1 Addressing thisuncertainty in practicemay require higher planning margir(.g, additional
headroom and reserves)potentially stronger operational interventionor monitoring
capabilities, and updates to reliability metri@sg., to explicitly characterise tailent risks)
and policy frameworks to proactively provide hedging mechanisms across both planning and
operational timescales
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5 Distributed energy resources

5AaA0NROdzi SR SyYSNH& NB a2 dzNBAGdGup d fiedble techholbBies thafaréi KS 6 N
connected to distribution systerd484]. Various definitions exist across the literature and industry,
encompassing different technologies such as distributed generation, storage, and demand flexibility

[84]. A subcategory of DER are consumer energy resources (CER), which are techiimebiidshe-

metere on consumer sitef85]. For this work and to guide the literature review, we differentiate DER

into three key categories that exhibit different characteristics for adequacy of supply:

1. Distributed generation: Distributed generation encompasses any type of electricity
generation connected to the distribution system, including sreadlle wind, gas, or hydro
generation plant486]. In Australia, the largest distributed generation source is distributed
solar photovoltaic (PV) generation, which already represents the largest aggregated installed
capacity of any technology in the NE8&8¥] and is expected to continue growifiga3].

2. Distributed storage:Distributed storagemay include batteries with direct access to the
network (e.g. community batteries NJ O2 dzf R Ay Of dzZRS Odza (i-Ber SNJ 26y
YSGSNESD® C¢KSNBEF2NBEZ RAAGNAOMzZGASR adG2Nr3IS Aa C
customerlocated technologies such as distributed B8] or might also be aggregated within
demand response modelliff§6].

3. Demand flexibility:Demand flexibility refesto any temporary changes to demaf@B] and
can encompass multiple aspects, such as price informed load shiftdrgliability motivated
load changesAcross the literature, this is alseferred to as demandide management (DSM)
[89], [90], [91] or demandside patrticipation (DSIPJ]. A specific form of demand flexibility is
demandresponse (DR), which broadly considers the reaction of demand. A recent review
definesit F & GG KS I O A-BitgdienefgfF resOwlzas) BoatSdNdownstream of
metering points, tovoluntarily, actively, and temporarilgdjust their electricity production
FYRKk2NJ O2yadzyLliAz2zy Ay NBalLkRyasS (G2 amggylfta oS-
Different types of demand response are relevant in the context of adequacy of §agply

1 Shaping Medium to longterm permanent demand changes due to price response or
behavioural campaigns.

1 Shifting Shortterm energy consumption changes from critical periods to times of higher
energy availability.

1 Loadreduction Reducing energy consumption in critical periods without the need to
repay in later periodsThis is currently the model used by AEMO to represent demand
side participation within their adequacy assessmgiit

Demand flexibility refers to the abstract concept of a change in the electricity demand, and
Oy ©6S LINRPOGARSR o0& Fyeée Tt SES5p whch iaS Gélude f 2 38
electric vehicles (EVE3], heating and cooling deman{b4], or other smart loads

In the following, we outline the potential contribution of DER to adequacy of supply, aligned with

these categories, and summarise literature insighfserwards, modelling approaches from academic
literature and industry practices are described.
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5.1 Literature review of DER contributions to adequacy of supply

The potential contributions of DER to adequacy of supply have been assessed across the literature,
e.g.[18], [36], [88], [89], [90], [94], [95], [96]The specific contribution of DER to the adequacy of
supply depends on the technolod4], the location in the networf95], and the operating mode
assumed18].

It should be noted that distribution system reliability often includes the evaluation of metrics such as
system average interruption duration indéRAIDIpr system average interruption frequency index
(SAIFI)97], [98] which describe the average power unavailability duration or frequency at customer
locations. These metrics are relevant for assessing distribution sysktémmgever, in the context of
adequacy of supply, the focus is laid on the ability of the whole system to sd@plgndeven after
equipment failures, and therefore on larggcale events rather than individual consumer experiences

[4].

Consideringlistributed generation,larger penetrations can support adequacy of supply by avoiding
reliance on largescale transmission buildouf99], andby supporing potential islanded operatio
[97], [100] However, as described by Khashei gLl ], distributedsolarhasalsobeen observed to
trip unexpectedly during critical events. This meémet during critical period$ollowing unexpected
outages, if gridparameterssuch as voltage and frequency deviatbstributed generation may
potentially disconnectunexpectedly thereby exacerbatinghe problem rather thancontinuing to
deliver energyduring critical eventsi-urthermore, as pointed out by Zhang e{E8], the underlying
energy availability (e.g. solar irradiation) on critical days might also limit its contributiadeiguacy

of supply.

Regardinglistributed storagetwo key operating modes define its contribution to adequacy of supply:
coordinated/integrated operation or distributed/independent operatifiB]. Coordinated operation
describes a dispatch which is visible to the markéiere multiple distributed units areoordinated

via an aggregatorindependent operationdescribes an operational regime where each unit is
scheduled without coordination and is therefore not able to react to the market and the wider system.
A coordinated dispatch of distributed storage (¢14], [36), may contribute to adequacy to a similar
extent as largescale storage, with imperfect operation being a key limitation Gkaper 4). This is

for example also considered )i et al[47] who include coordinated distributed storage in their
OFGS3I2NE 2F G3aISYSNIfAaSR SySNHe &adG2N}3S o0D9{0¢d
However, when distributed/independent control of distributed storage is assumed, its contribution to
adequacy of supply may be limited duettee inabilityto be scheduled following market conditions
[18], or uncoordinated charging and discharging, which could lead to suboptimal miscoordia&fion

The difference between the two operation strategieslisstratedin Figure5.1 for a case study in the
UK Under integrated controlthe capacity credit of distributed storagmuldincrease linearly with
larger penetrationsin contrastunder independent contrglthe capacity credisaturatesfasterwith
greater storage uptakeThis difference arises due to fact that independent control can levigrage
distributed generation for scheduling and is not able to operate optimally with respect to the large
scale generation. Thereforahe lack of solar irradiation on critical daysnits the adequacy
contribution of distributed storage under independent control
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Figureb.1: Saturation of contribution to adequacy of supply of distributed storage, depending on operation mode. Taken
from Zhang et aJ22].

The contribution olemandflexibility and demandresponse(DR)to adequacy of supply is intuitive:

it reduces the demand that needs to be served by available supply during critical periods and can
therefore reduce unserved log88] and investment needs in generation capag¢@s], [102] Similar

to storage, a synergy with renewable variability has been described for demand response, for example
with high wind penetratior{94], [103] Additionally, DR is regularly considered in combination with
storage since it provides similar benefits to the sys{84i.

In capacity limited systems, the most critical periods are at peak tidjeshich means that reducing

the peak demand directly increases adequacy of suf8y However, if some demand needs to be
repaid t for example due to heating and cooling requirementsthe contribution of demand
response to adequacy of supply may be limitg@l], [91] This can be seen kigure5.2, which shows
different demand response profiles to reduce peak demantidd certain conditionghe peaks could

be flattened(due toDR), butlengtheneddueto payback requirementsTherefore, whilst all payback
scenarios show a reduction in expected energy not served (EENS, indicating an increase in
adequacy levels, accurate representation of realistic payback is essential for adequacy assessments.
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Figure5.2: (a) Different demand response profiles with load payhlmaaiameters (increasingly constrained in payback
amount and time from SO to S&)d (b) the resulting reduction in expected energy not supplied (EENS). Reproduced from
Zhou et al 85].
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On the other handpre-chargingmayalso play amicialrole in the contribution of demand response

to adequacy of suppljt04]. This means that demand might be able to increase consumption before
forecasted criticalimes. Pacco et §90] model this for the European continental system and observe
a decrease of @21% in expected energy not served (EENS) dtldd@dditional demand flexibility

Furthermore, apart from scheduled demand response to static sighals as peak timest may
contribute to adequacy during sudden contingency peridd]. However, also here the payback or
duration of the call matters. For example Wildstein gtl@l5] describe how participant overridesay
reduce the contribution to adequacy by more than half for events lastgfgt®urs.Additionally, a
limiting factor might be the uncertainty around its availability in critical peridds to uncertain
consumer behaviour and preferencdzarle et dl106]observe decreases in the effective leearying
capability (ELCC) of demand respormse20¢30% when increasing the distribution of demand
response availability.

Whilst all the above technologies may contribute to adequacy of supply, their contriboignbe
inherently limited by network constraints in the distribution system to which the resources are
connected.Therefore, for accurate evaluation of adequacy of supply with DER, potential network
constraints need to be considered in the aggregation of RER.

5.1.1 The role of asset coordination

As described above, the contributions of DER to supply adequacy rely on coordination schemes (for
example, via virtual power plants). Without effective coordination, the anticipated benefits are
unlikely to be achieved (see, for examptegures.1). We identified tvo key mechanisms that highlight

the benefits of coordination foDERcontribution to adequacy of supply:

1) Unlocking optimal dispatchof heterogeneous technologiesAs described for storage,
uncoordinated discharging of heterogeneous storage units might lead to higher amounts of
unserved energy, since some energy might not be available due to capacity limif&didns
[55]. Since DER aggregate various distributed technologies which can have many different
configurations, optimal dispatching is especially important to unlock the full potential.

2) Signalling criticaperiods While a distributed scheduling of DERy contribute to adequacy
by reducing peak demandisk periods might also arise at times outside of peak demand, if
there is also a lower amount of VRE available to supply the def@ntherefore, signalling
critical periodsof the systemfor DER scheduling is crucial to unlackargercontribution to
adequacy of supplZhang et aJ18] describe an example of this, comparing an independent
operation mode of distributed storage with antegrated (coordinated) approach in which
storage has knowledge of critical periods in the system.

5.1.2 Summary of DER contributions

Overall, distributed energy resources can contribute to adequacy of supply in various ways and are
critical to represent in adequacy assessments to accurately capture the risk profile. An overview can
be found inTable5.1. Coordination of the technologies is crucial for materialising these adequacy
contributions. Note that this is merely one attempt of categorising DER for adequacy of supply; other
categorisations are also possible. For example, Sperstad[@6Jaleview flexibility services of DER
based on their capacity contribution (i.e. the power supply to the grid) or the mode of support for
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reliability (preventive, corrective, restorative). This highlights the number of underlying technologies
and considerations that may play a role when analysing DER in the context of adequacy of supply.

Table5.1: Overview on contribution mechanisms of DER to adequacy of supply and potential limitations

Support mechanism /

. Potentialrisk factors Relevant studies
operating mode

Technology

Energy availability,
unknown tripping

Emergencisupport behaviour of DGnetwork
Distributed generatioffDG) constraints {1313] [97], [99], [100], [101};
Energy availability (e.g.
Energy supply solar irradiation) network
constraints
Energy shifting Imperfect operation [108]

network constraints

Payback constraints,
uncertain availability [36], [89], [91]
network constraints

Scheduled load
Demand respons@éncl. reduction/shifting
distributed storage)

Inefficient coordination,
payback constraints,
uncertain availability
network constraints

Emergencyupport [105], [106]

5.2 Methodologicabpproaches to incorporate DER to assessments of
adequacy of supply

As highlighted above, incorporating DER into adequacy assessments is important for developing an
accurate picture to inform investment decisions. Selecting the appropriate modelling approach may
be determined by the desired aspects to capture in the adegussessments DER solely operated

to reduce peak demand, is the focus laid on its response to system events, or is DER dispatched
simultaneously with the other system resources to increase system efficiency? All these aspects play
a role in the futurelow-carbon power system, and transparent modelling design is essential to
understand adequacy risks appropriatdlythe following, approaches to represent DER are reviewed,
first within the academic literature and subsequently in the context of modelling of system planners
and operators around the world.

5.2.1 Academia

Various modelling approaches for distributed energy resource management and optimisation are
described across the literature, as reviewed by Mordlspagna et dlL09] and Wagner et g|110].
Practically, three fundamental modelling approaches are typically pursued for capturing distributed
energy sources and demand flexibility: DER are incorporated into demand {B&}eshodelled as
specific DER sour¢80], or considered as aggregated generation or storage techndli@jywithin
adequacy assessments.
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Distributed generationsuch as rooftop solar PV may be explicitly included in specific distribution
system modelling with detailed network modellif2P], [108] If network constraints are disregarded

or simplified assumptions are taken, a common approach is to consider aggregate energy generation
[18]. Due to the large number of devices, explicitty modelling outages of distributed generation is
commonly disregarded; however, it may become more important given common mode f4ilOfgs

Modellingdistributed storageis also addressed through aggregated storage deyi&is[99] Whilst

the representation of storage in adequacy modelling is established, the main modelling consideration

for distributed storage is whether the units are operating decentralised or aggregated to participate

in upstream system schedulinghang et al[18] propose andA Y RS LISY RSy {iby pré& LIS NI { A
optimising operation for selfonsumption with distributed generation, or by performing peaipping

operation in critical periods, before sampling system conditidifse authors compare this to an
GAYGSANI GSRE 2LISNI GA2yS 6KSNB GKS 3IIaINBIFGSR &
Distributed storage is also commonly included in modelling of storage in adequacy assessments,

' 33INB3IFGSR T2 NIt SEISRLISY SHAE &l podidijaadts, which may also

include otherforms of demand response. Regardless of the operational mode, imperfect operation

may be addressed with similar approaches as for storage (e.g. razaket dispatch before sampling

system conditions and/or limiting scheduling foresight), as discussétapter4.

Demand flexibilityis generally modelled similarly to distributed storage. For example, Qi[66hl

Ay Ot dzZRS RSYIFIYR Tt SEAOAfAGE | a36pugeitHeSatuk methSdtS NB & &
model demand response and energy storage for adequacy of supply. However, multiple key modelling
differences from distributed storage have begescribedn the literature:

1) Inverse storag¥ 5SYIFIyR NBaLkyasS YlIeé GRAAOKINHSé 068+
performed by shifting demand via smart appliances. This is for example proposed in the
modelling by Goransson et[dl11]which Zeherranand SHll0O4]SEG Sy R G2 £ a2 AyO
OKIFNBAY3AEéS APSd AKATFTUAY3I 2F RSYIFIYR (02 SI NI A
integer programming (MIP) model, Pacco ef{%l] apply this within arresource adequacy
study of Europe and compare the complex MIP model with more simplified approaches. The
authors note that a simplified LP approach was needed for the MC simulation and highlight
that demand flexibility might be overestimated within thestgts.

2) Timevarying energy and power capacithanging DER conditionsfor example, how many
electric vehicles (EVs) are plugged into a charger at a giverttimay limit the power and
energy capacity of demand response over the course of the daypared static largscale
storage[112].

3) Load shifting limitations The load shifting potential may be restricted due to consumer
preferences. For example, to keep the temperature in a building within acceptable limits,
heating/cooling might not be pogpreponed more than a few hours. This might be
implemented by restdting load shifting in time or by limiting the number of calls.

a. A payback time limit of one hour is for example implemented by Zhou[86&lwho
describe a significantly reduced capacity credit from payback time limitations. This is
also considered in other studies with for example 24h payf@4k or only few hours
[112].
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b. A limit on the number of calls per timgeriod (e.g. x calls per year) might be
implemented[113].

4) Reduced or no paybackSome part of the load might not have to be served if it is too
expensive (e.g. industrial loads), thereby effectively reducing the payback af3&lyfl11]
This is the most straightforward form of demand respgrtsawever its implications need to
be carefully considered, since it is equivalent to a very flexible firm generator and might
therefore significantly influence adequacy resud$].

Furthermore, operating decisions for demand response may also be taken on a system level or at
decentralised unit level. Therefore, coordination and availability of demand response are additional
parameters to consider. This has already been reflectedhbytanish system operator Energinet,
which has started defining reserve requirements with minimum availability lifhitd] to explicitly

allow demand response to participate in system reserves.

Additionally, large loads, such as data centres, may also provide load shifting or load reduction services
[88], [115] and might require additional specific parameters. However, since this is only recently
becoming relevant for power systems, the literature on large loads for adequacy is limited at this
stage.

Finally, the impact of networks on the contribution of DER to adequacy of supply may be represented
by calculating nodal aggregations of DER with underlying grid constraints to maximise flexibility or by
imposing network wide constraints on the aggregafBR operatiofil16]. While the former may

result in a higher contribution of DER due to optimised network performance, the latter approach
might be preferred if future coordination levels are uncertain.

5.2.2 Industry

In the following, we are reviewing multiple industry practices for including DER into adequacy
assessment modelling. There are many different approaches of modelling taken, which are roughly
differentiated into load adjustments, dedicated demand responsmlatling, and supply/generation
modelling, seeTable5.2. While these categories are not necessarily mutually exclusive, they may
provide better understanding of the general approach.

Of the studied modelling approaches, the most comprehensive approach of the reviewed operators
is taken by Elia (Belgiuf?], since it considers EVs, HPs and distributed storage operation as partially
uncoordinated and nomesponsive and partially market oriented, thereby aiming at representing a
large heterogeneity in DER operation.

Table5.2: Overview of DER modelling in adequacy frameworks of selected system operators.

DER in (inelastic/ Additional
Country (. Demand DER in supply .
. Report unresponsive) . constraints  /
(Organisation) response modelling
demand payback
Rooftop PV, Demand Side | Explicitindustry| gy and HP load
ERAA, Distributed Response DSR included af shifted only
Europe (ENTS€) | Methodology batteries, EVs, HP{ (psR): Optimisd @ 3 SY S NI { within time-
Appendix 467] | (non-price a share of with high windows (no
sensitive share) | consumer marginal cost | requction).
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batteries, EVs

Industry DSR

and HPs with maximum
activation time
per day
DSR: DSR
markets and Payback/shifting
Time of use tariff | dynamic within 4 hours.
. . Resource . . . .
United Kingdom . impact reflected in| demand Daily maximum
Adequacy in the - - o
(NESO) demand change | shifting. energy limit (2
20305[69] ) .
profiles Capacity hours at full
constant + capacity).
variable
F h
Demand flexibility Demand side .or. run nour
All-Island . limited DSU:
- from EVs and HPs units (DSU): . -
Ireland (Eirgrid)| Resource . . Daily activation
included in the Run hour o
Northern Ireland | Adequacy - - o limit of 2-3
. electricity demand limited or not, .
(Son) Assessment rofiles, reducin dispatched as hours (5 in
(AIRAAJ70] proes, g P Northern
peak demand generators
Ireland)
DR and
M ayback
distributed vax bay
. time windows,
storage Load reduction
Versorgungs o . . max delay for
. . optimised with | based on price,
Germany sicherheit Strom technolo but limited b payback start,
(BNzAg) Bericht 2025 10logy Y| max shifted
specific yearly
[71] 7 energy. Annual
parameters and| activation .
time-varvin load reduction
aying limited by hours
capacity
Market
Part of the oriented EVs,
demand from EV, | HPs and
HP and oth distributed
. Adequacy and and other Istribute Minimum
Belgium o loads added to storage
. Flexibility Study i . - energy demand
(Elia) 20262036[72] demand profile. dispatch are served per da
Part of distributed | fully optimised, P y
storage is included subject to
as static profile. varying capacity
limits
Aggregated
NERC L
UsHireas “RC LORBIM | 2 ooftop PV, EVs DERS
reliability Unknown . Unknown
(ERCOT) assessmenf7s] and large loads considered as
generation
Distributed Demand
2025 '_DJM storage + solar to (ESOUICES
USA/East Effect.lve Load | minimise peak, dispatched No
(PIM) Carrylr?g uncoordinated EV befzre storage
Capability and | charging and _ g
Reserve discharge

heating/cooling
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Requirement

Study[76]

Distributed PV Small and
Chile Chilean layB82] (residential, up to medium size PV| No

300 kw) (up to 9 MW)

D d Sid

Rooftop PV, em.a.n . ae Virtual Power Maximum daily

batteries Participation Plants (VPP) energy limits for
Australia (AEMO) ESOQ7] ' (DSP): Last . o

embedded resort before included as reliability

demand flexibility generation response of DSH

load shedding

z

In thecontinentalwide European adequacy assessmg®i], ENTS@usesi KS O §S32NE 2F «a
{ARS wSalLlyasSaé¢ o5{wu (2 AyOfdRRS -FSYNYRINDB & [JA ¢ &R
(OOMBs), electric vehicles (EVs) and heat pumps (HPs), the input data defines a specific share as price
responsive. While the neprice response parts are included in the demand traces, the frice
responsive share is optimised within the adequacy assessmenspiéttific constraints based on the
technology. WhileDCQMBs are fully optimised as aggregated battery, EVs and HPs are optimised to

shift their demand within specific timeindows of the day (e.g. at night, or within the afternoon).
Additionally, ENTSE@ is also differentiating industrial DSR to be price resporaideacting as a

GISYSNIG2NE 6AGK KATKSNI YIENBAYLFE O2ada sAGKAY (K

In the United Kingdom the system operator NESG@ifferentiates three different demand side
flexibility options[69]. First, daily pealshaving caused by timef-use tariffs is considered and
included in the demand traceSecond, a demanslide response market is modelled with a constant
power limit at a high price just below load sheddiighilst half of the potential is purely reduced
demand, the other half is included with payback within four hours, and there is a daily limit on shifted
energy.Third, NESO considers a level of "dynamic densdniiting” modelled to be flexible within
four hours, with hourly varying shifty potential and a daily limit. Distributed generation and
distributed storage are not specifically addressed.

In Ireland and Northern Ireland70], demand flexibility is included in the residential electricity

demand traces andeducespeak demand. Flexible demand from electric vehidesnsidered to be

an emergency measure and not explicitly included in the adequacy assessment. However, demand

side units (DSU) from the capacity market are considered on the supply side, which may include
demand reduction or distributed generation. These units are groupéd2in & Ndzy K2 dzNJ f A YA
Gy Nylzy K2 dzNJ  Xh€ fariged Sharg beiggkrin®éur limited by32hours daily activation

limit (5 hours in Northern Ireland).

In Germany|[71], the adequacy modelling includes load reduction, as well as load shiftingtWad
reduction is only limited by the amount of hours per year, load shifting is characterised by load
payback window, maximum delay, and maximum energy. These parameters are defined for specific
technologies, and the potential is included with varyingaties across the year.
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In Belgium[72], the system operator Elieonsiderdifferent operation methods for EVs and HRg:
flexibility, decentralised operation, and markeptimised operation All three groups are included
with specific percentages defined in the scenarios.l8¥group 1 and 2 are added as static timeseries
onto the load, markebptimised operation is explicitly modelled within the assessment with varying
power capacity availability and a daily minimum energy constraint to ensure the energy is delivered.
Furthemore, distributed storage is also considered partially decentralised operated (static timeseries)
and partially optimised within the market, adhering to storage operation constraints.

In Western North America(WECC)[58], the adequacy assessment is based on probabilistic
convolution of demand and supply availability. HIDER are described to be included in the demand
forecast, no specific modelling is applied.

In Texaq75], ERCOinhcludesrooftop PV, EV loads and large loads within the demand traces used for
the adequacy assessment. Additionatlgmandside management (DSM) is described for emergency
managemernt however, the detailed modelling is not specified. Further DERs are mentidngd
remain limited and are modelled as generation if registered at the markets.

In the Eastern USA76], PJMconsidersa number of DER within load forecasting, such as distributed
storage in connection with distributed solar to minimise peak consumption, heating and cooling, as
well as (uncoordinated) EV charging. Additionally, demand resources are considered within the

adequacy assessment with varying hourly capacity (full trace in summer, based on 24h trace in winter).

These resources are dispatched after unlimited generation, however before discharging limited
duration resources (sih as storage), without payback or further constraints.

The Chilean regulation [80] categorises DER into two tiers: residential units and meediaaie
distributed generation (PMGD). Behittte-meter residential systems (up to 300 kW) are modelled as
Gy S3aAFGAGS RSYIFIYRZ¢é¢ &adzoiNI¥ OGSR FTNRY i KStreatedd | f
as supplyside resources, with their capacity credit determined by statistical performance during peak
hours. Under recent reforms, any PMGD solar PV project paired with storage can now opt for fixed
capacity credits baskon the storage duration.

Figure 1 Flexible demand sources included in AEMO's DSF forecast

Demand Flexibility

Demand Flexibility in Demand Flexibility Demand Flexibility in
demand forecasts in DSP forecasts supply forecasts

Hot water load control “ Market exposed customers +* VPP energy storage

Time-of-use tariffs v ONSG-peakin,
e iEriE CREE pes e % EV vehicle-to-grid (V2G)

Energy storage " Aggregated dynamic customer

; - + Scheduled loads (pumped

EV charging (non V2G) response e

ONSG-nan-peaking ¥ Wholesale demand response storage)

" Network reliability programs

Figure5.3: AEMO differentiation of demand flexibility into supply, demand and "DSP" cate@miesnshot from 2025
ESOO AppendiXg].
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AEMOconsidersDER in multiple ways in its key adequacy modelling report Electricity Statement of
Opportunities (ESOJY]. Distributed generation such as rooftop PV and siedle generation
sourcegsdirectly considered to be contributing to adequacy of supply @rekplicitly included with

varying availability according to the weather traces. Demand flexibility is in general differentiated in

three categories (se€igure5.3). Whikt some technologies are reflected in the demand forecasts
RANBOGfE&sE IyR O22NRAYI GSR NB&az2daNOSa Y2RSttSR 2y
0+xtto0vX | OFGS3I2NE 2F a5SYFYR {ARS tFNIAGALI GAz2Y
as a last resort before load shedding. No explicit payback constraints are considered; however, a daily
energy maximum limit is applied to demand response due to reliability signals.

5.3 Research questions

To investigate the role of DER in supporting adequacy, @otdntial limitations that may limit
adequacy results, we are studying the following research questions:

1. Whatare the benefitsof DERcoordinationfor resource adequacy in éhanging underlying
supply mix?
2. HowdoesDER coordination shape the adequacy risk profile

5.4 DER modelling in this work

The modelling of DER in this work is focdsen explicitly representing key technologies in the

adequacy framework to evaluate their contribution to system adequaag the benefits ssociated

with enabling the coordination alemand side resource$&pecifically, we modeboftop PV, electric

vehicles (EV) embeddedaggregatedstorage (as virtual power plars, VPR), and demaneside

participation (DSP)n the literature review of academic and industry sources, nodearS & & LINJ OG A C
has been identified due tthe diversity of technologiedocations, and regulatory considerations.

Therefore, our modelling builds upon AEElI@ata availability and aims to providetransparent

parameters for investigating DERordinationof different technologies

Even if DER has been coordinated (e.g. by providing a signal), in practice there may be instances where
not allunitsrespond at their nameplate capacity, ams$teada loweraggregate response is observed.

We refer to this asompliance factorwhich isexplicitly considered in this woblecausehis reduction

in response mawffect system adequacy outcomes schematic overview of the distinction between
coordination and compliancand their role within total demands presented ifFigure5.4.

Supply Demand

& mf |E| 0{3 Compliant DER

mj‘ |E| Og Coordinated DER

Total demand

Figure5.4: Schematic overview of DER reprea@anh and classification in this wark

Since DER requiegdetailed representation abperationalparameters their fullmodellingis primarily
included in the timesequential operational toabchedNEMnd can be utilised in the fulkkdequacy
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chain described iBectiond.3. Additionally, a simplified representation is provided in PRASNEM for
efficient and rapid adequacy assessments and evaluation of DER.

We first establish ebase casal & dzidlAfR&Mariothat assessesystemadequacyfrom all utility-

scale resourcesncludingtransmissionand rooftop PV. Thisasetherefore evaluateghe ability of
these resources to meetstrictly inflexible demangdincluding fixed EV chargimgthout VPPnor DSP
support.

This scenarioand the assessedaseline reliabilityare then compared against caseswhich are
individually representindcey sources oDERcoordinationthat may reduce the amount of unserved
energy These arshownin Table5.3, andexplained below

1. Sincepart of the demandincludesEV chargingand it may be disconnected to support
reliability incritical periodswe explicitly reconstructhie charging profiles frorthe 20241SP
EVworkbook aggregated by subregiotWe consider thesehourly chargingvalues as an
& dzLJLJIS NJ obpdtdmjfaRréduction inEVcharging This reductionin loadis priced just
under the maximum market pric& order toconsider thisas ameasureof last resort before
instructing load shedding.

2. Demand flexibilityfrom aggregated embedded storagenits may support adequacyby
shiftingunderlyingdemand These storage unitare modelled throughVPPsas subregional
aggregated storage unité line withISP representationwhosecapacities arextracted from
AEMQ@ @rojections provided in the 2024 I&2]. These VPRae assumed to operate in line
with utility-scale storage unitand aretherefore subject to imperfect foresigtias outlined
in chapter4).

3. Demand responsenay also react t@rice and reliabilitysignals supporting system adequacy
in critical periods. Thereforajemand side participation (DSR as described by AEM@
represented as constant demand reduction capacity either at defined price bands (300, 500,
1000, or 7500 AUD), or at just below the price of load shedding foretbigectivereliability
response bangwith corresponding capacities obtained from tt®P dat422]. Additionally, a
maximum daily energy caat full capacityof 3h is applied tdhe reliability response band of
DSP to avoidnunrealistic use of this resour@nd consumer overridesvhich isaligned with
observations of demand response data in Califofh@b].

In practice nonethelesssince demand flexibilityelieson a high number of individual responsts
actual observed behaviour mayshow significantly loweresponse of reported capacitiethan
anticipated,especially in peak period3his igepresented in this work ascompliance factoy which

is used o parametrisethis challenge We investigate multiple levels of compliance of the different
technologies:

1. ForEV chargingwe consider a low compliance case of 25%d a high compliance case of
50% ofcharging reductiomt any time.
2. For VPR compliance ismodelled as 50% or 100%of the forecasted aggregated storage
capacity.
3. ForDSRcompliances considered a$0% and 100% of thierecasted capacity.
It is worth noting thathighercompliance factorare consideredor VPP and DSexibility, since the

reported capacities in the ISP already account for a reduced lewehgbliance whilein the case of
EV chargingcapacitydatais representing fulforecasted capacity level€ompliancdactorsmay also
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0S Ay (dSNLINB (SR reduyttiort. Fadlvisianca, Tn thé beBef of B\Vyflékibility, it could be
represented by a given car experiencing reduced charging once everpdats (25% compliance
factor) or two hours(50% compliance factarjable5.3 provides an overview of the technologies and
compliance cases is considered in this work

Table5.3: Overview of modelling representation of the DER technologies.

Demand side
Rooftop PV EVcharging reduction L
P ging participation (DSP)
Aggregated generation Constant load
profile at subregional Loadreductionwith . reductioncapacityat
8 . ) . Storage units ) .
Modelling nodes Network time-varyingcapacity different price bands.

aggregated at sub

representation constraints considered priced at justelow . Maximum energy limit
L . . regional nodes L
within traces as provided market price cap of 3h on reliability
by AEMO. response band.

Compliancefactors

. N/A 25% or 50% 50% or 100% 50% or 100%
considered

This explicitrepresentationand modelling of DE€bordinationusingdifferent levels otompliances
aimed atassessg the role of DERor reliability in a increasingly weathedependentsystemwhich
isdominated by energyimited resources

5.5 Case study andgpameter assumptions

In line with theanalysis of storage operaticassumptions, the studies are based on two reference
weather yearavhich followfrom the ISRraces[83]. These areharacterised by low and high average
VRE availability across the yeeombined withhigh and medium demandespectively These are
weather reference year 2011 with demand 10% P4did weatherreference year 2019 with demand
50% POH-or both of theconsideredveather years, we evaluate 500 infrastture outage samples

Theadequacy of the NEKbr resource and DER capacity buildmuevaluatedased on the2024 ISP
Step Changscenarig for planning years of 2025 to 204Theinstalled capacitiesonsidered ardisted
in Table5.4.

Table5.4: Installed capacity as percentage of peak demand in the respective planning year.

Base caselntegratedSystem Plan NEM 24
Year 2025|2030] 2035) 2040
Firm capacity (%) 85%| 53%| 31%| 28%
Distributed energy resources
Electric vehicle (E\¢hargingpeak(%) 0% | 2% | 4% | 5%
Virtual power plants (VPRY6) 2% | 10%| 22%| 33%
Demand side participation (DSP) imsner (%) 3% | 4% | 4% | 4%

To evaluate and representhe role that DERcoordination may playfor ensuring reliability,and
complementing supply side adequaaye systematically evaluate the potential of DER to provide
adequacy supporby adding the differentechnologies individually witlthe different compliance
factors outlined aboveFinally, weevaluate a combination o¥PP andSHflexibility with different
compliance factors.
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The sensitivities of lower complianéactors of the different technologies are especially important
given the updated forecasts abordinatedDER capacities in the Draft 20B8P[117], which are
significantly reduced compared to 2024 ISP projectiaashown irFigure5.5 below.

Forecasted aggregated Forecasted DSP Summer Capacity

_. embedded storage capacity (VPP) g
= Q.
O, 20 >,
2 S 2
S 15 < - -
g 10 S -
O —— o 1 -
& - .- - 8
> - = 0
2025 2030 2035 2040 2025 2030 2035 2040
ISP 2024 == == Draft ISP 2026 ISP 2024 == == Draft ISP 2026

Figureb.5: Forecasts of VP&hd DSRapacityin the 2024 ISI83], compared withthe revision in the 2026 Draft I$PL7].

5.6 Insights and Results

An overview of the adequacy resultsrossall DERcoordinationcases can be found Figure, which

shows the NEMvide average and tail risk based on unserved enel@sed on the underlying
operational approximation of economic operation (A3) for DER and storage resources in the system,
i.e. utilising the fulivorkflow and DER representatiateveloped for this work.

First, consideng only the reliability levels provided by supply side resourcestréng increase in
averag unserved energy levels can be semnoss thalifferent planning years as thermal capacity
retires and is replaced by VRE and storage capddiey.resuls exhibit significantly higher unserved
energy levels than the reliability standardjiven the supply side investments in line with ISP
projections.We observe that the tail risk (in the worst 5% of the cases) increasessaosgerthan

the average risk, highlighting thexposure of the system to specific outage conditions in critical
periods which elevate the supply side adequesk.

I Supply case

]Supply case
0.025 5% EV

0.025

0% EV
0% VPP

0.020 0.020 | |EZ1100% vPP

F25] 100% DSP
50% VPP + 50% DSP | []
[ 100% VPP + 100% DSP

C—150% VPP + 50% DSP
I 100% VPP + 100% DSP
— — - Reliability standard

0.015 0.015

0.010 - 0.010

0.005

Average annual USE [%]

0.005 r

CVaR(95%) of annual USE [%]

0.000 0.000 - —L =
2025 2030 2035 2040 2025 2030 2035
Planning year Planning year

Figure5.6: NEMwide average risk (left) and tail risk (right) results of the supply case compared to all DER coordination
scenarios across the planning years.
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Comparedo this supply case, thiegenefits of DER coordinati@tross altompliancescenariocan be
clearly observed in a reduction of both average and tail risk, especially in the years postigDse.
5.7 shows the relative benefits of the different DER technologies with respect to the base-sigmly
casein the resource mixes of the planning years in which DER coordinatessentiafor providing
reliability. In the following, we discuss the implications of the individual DER technologies.
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Figure5.7: Relative change in adequacy metrics with added demand flexibility for the planning years 2035 and 2040. Note
that the relative change is not shown for the earlier years due to the lower number of underlying risk events.

Looking at the potential dEVchargingreductionfor supporting reliability in critical periodsnodelled
as time-varying capacitypriced at just below market cap prige the results demonstrate that
electrificationmay providesubstantial benefits to the entire system. Whélectrification¢ here in
form of electric vehicles increases overall electricity demanithe underlyingsource of increased
demandmay create flexibility opportunities thatan directlyoffset the impactof the increased
demand in terms of reliability.

Even modest levels of EV flexibititguch as 25%ompliance can deliver meaningful adequacy
benefits. This relatively low penetration may correspondrot servingindividual vehicles onlgvery
four hours, suggesting that substantial system benefits/ alreadybe realised without requiring all
vehicles to participate or frequeidad reductionevents.A potentially importaninessage from these
results isthat relatively complexehicleto-grid (V2G) operatiomay not benecessary to realise
substantial agquacy benefits. Simplehargingreductionduring critical periodsnayalready provide
strong adequacy support.

However, it should be noted thata limitation of this analysis is that the charging profiles are
differentiated only between weekday and weekend patterns. More detailed understanding of actual
EV charging behavioursncluding seasonal variations, tinsd-day preferences, and locatiespedfic
patternst would be valuable for refining these estimates.

Looking at thebenefits provided byDER coordinatiothrough VPR (represented as aggregated
storage capacity under compliance factors of 50% and 1008bserve thahdequacy benefits are
similar tothe EV results, despite significantly higher capacity being installed. This suggests that whilst
VPPs may provide benefits to the marketsuch as avoiding the need to run peaking plants and
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potentially reducing wholesale pricas its adequacy contribution is fundamentally limited by the
availability of energy to shift during critical periods.

Furthermore,VPPoperationmay be characterised bjhe sameimperfect operatioras utility-scale
storage units as described in chaptemnwhichadds asecond layer ofincertaintyto the contribution

of VPP to adequacy in tHature resource mix. The difference the VPPbenefit to adequacywith
respect to the different operational representatiamshown inFigure5.8. The results show thathile
assuming theé\1: High energgperation,for allstorage units, VPP coordination may effectively reduce
the adequacy risk almost entirefwhich already is low given the operation of the other storage units
in the system). However in the derated and #monomic operation case, the benefit is reduced (VPP
units are derated in energy by 50% regardless the duratidgime with AEMO assumptioffg).

VPP | Al: High energy

VPP | A2: Derated energy
VPP | A3: Economic operation
DSP | Al: High energy

DSP | A2: Derated energy
DSP | A3: Economic operation

-50 +

=75 F

Change in average annual USE [%]

-100

2035 2040

Figure5.8: Changen average annual USE fratB0%\VPP ol00%DSP coordinatiomsrepresentedunder different
operational approximatiosa Al ¢ A3,asintroducedin chapter4. Results of earlier planningearsnot depicteddue to
insufficientUSE event sample size.

Furthermore, everwith substantial capacity, the abilityf VPPto support the system during critical
events depends on having sufficient energy available to shift. This becomes particularly evident in the
underlying weather years, where the key risk emerges when energy availability is generaliiow.

can be observed when looking at the distributionesents when load shedding was recorded across
the adequacy assessment, as depicteéigure5.9. In the low VREvailability weather year, we can

see that VP®areable to effectively shift the tail events, however not reducing tioenber of events
observed. This indicates thahderthe modelling assumptionsf this work,VPRare providing energy

to the events butare not as effective imeducing the frequency of the severe shortfall events
compared to DSP (even though the installed VPP capaaityresthan 8x the capacity of DSP).
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Figureb.9: Distribution of unserved energy (USE) evengdanning year 204®ith different levels of DER penetrations and
two different weather yearsnder storage operation assumptiégA3: Economic OperatiénNote the logarithmic scale on
the y-axis.

Comparing these weather years, wan observe thathe DSPload reductionis very effective at
shifting and reducing the taiyhich is especially crucial in the low VRE availability. y&ds effect is
also reflected in thedequacy metric results, as shownHFigure5.6: DSP coordinatiofmodelled as
price-responsive load reduction capacitg)less effective in reducirayerageadequacy risk compared
to EVload reductionand VPP coordinatiofdlue to lower installed capacitylloweverthe reduction in
tail risk isnore closelcorrelated across the technologi€ghis suggests that demarftexibility in the
form of DSP may be especially crucial for tail rrakigation.

On the other hand, the full potential of DSP may only be reflected in adequacy assessmentgitivhen
different price bands areperationally considered. This can be seerfFigure, where there is a
significant difference observeakcross the different operational representatiovithin the adequacy
assessment. WhilalandA2are based on the PRA&patch engingwhich reflectscurrent industry
practice at PIM76]), whichdispatches demand side resources heuristicalyaat responseg after
exhausting all available hydro and storage units. Howeve3asbased upon an economic dispatch
with pricevisibilityand intertemporal scheduling, DSP in lower price bamis/ be activated earlier,
effectively deferring storage discharging tdater periods Thisinteraction between price sensitive
demand side response and storage discharging therefore leadggteader reduction in adequacy
levels. Therefore, activating this demand side resources already at lower prices may provide even
stronger benefits than just aslast resortmeasure which may bechieved throughncreased market
exposure of flexible demand, efprough dynamic pricingchemes
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Figure5.10: NEMwide average risk (left) anthil risk(right) with respect tcannual unserved energy (USE) across different
operational approximations.

Additionally the results with DSP coordination against thgact of operational representatian the
supply casean beseen inFigure5.10. Here, we observe that whikle adequacy results of the supply
case are increasingly diverging acregsage operation representation with increased storage and
VRE penetration (in grey), adding DSP to the resource(bfaxk)reduces the spread across the
operational representations, both in average and tail risk results.

This finding suggests th&iSP may provide additional hedging agairggierational uncertainty of
storage sinceDSPactivation can complement storage operation across a wider range of system
conditions. There is therefore a strong reason to introduce operational details to find the right balance
of investments. DSP coordination at lower pri¢esy. enabled through increased market exposure)
has even stronger benefits for adequacy, suggestingghatity should be placed on enabling price
sensitivity in demandside resources However, this also needs to be captured by adequacy
assessment methodologies &tively inform decision making.

Finally regarding thecases ofower complianceacross the different DER technologies, Bagire5.7,

we observe that already half of the full potential may provide significant adequacy bereefiismay

be sufficient to reach adequacy leveisarlier years, as first significant thermal generation is retiring.
Howevertowards ultrahigh penetrations of VRE and storage (as in 2040), higher compliance factors
might be needed taensure reliability under the buildout assumptions in tb@24 ISP Step Change
scenario.

Furthermore given that multiple DER technologies may be available at the same time, a combination
of VPP and DSP with low compliance factors aleadyprovide significant benefitgs can be seen

in Figureb.6 especially inthe storage dominated systerpost 2030 Therefore, given the high degree

of uncertainty around DER adoption and coordinatitthre key messagshould be that any degree of
demandflexibility - even solely EXbad reductionin critical periods; may be essential for ensuring
adequacy in a weathetependent system dominated by storage
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5.7 Key findings

The following points summarise thkey insightand recommendationsonsidering DER coordination
of various technologies and its implications for reliability iniacreasingly weathedependent,
energylimited NEM power system.

T

Overall, n line with various otherrecent reports such as thdNational Electricity Market
Reliability & Security Report FY2024.8], our results suggest thathile DERcoordination

levels arehighly uncertain, there istrong evidence of théenefits of DERcoordination for
reliability by reducingdemand in critical periodin the future NEM.

As thermal generation retires post 2030, ttediability of the future system is highly sensitive

to both DER uptake and coordinatiolevels. All three DER categories examinetkectric
vehicle load reduction VPP coordination, andDSPenablement can deliver significant
adequacy benefits in a future resource mix, even under lower compliance factors.

While coordinated demandesponse irthe form of DSRepresents only approximately 4% of
peak capacity across the assessment period, it can play an essential role in ensuring adequacy
within a storagedominated systemlmportantly, DSPmay provide effective hedging against

the impact of storage operation uncertaintyon adequacy results

Overall, DERcoordination can effectively shift and reduce tail riskhile simultaneously
reducing expected risk. This concentrates remaining risk to extended periods characterised by
low VRE availability and high residual demand

To ensure reliability in the futurBlEM the National CER roadm§p and related initiatives

must support theeffective implementation oenhancedDER coordination tsmaximig the
visibility and controllability ofustomer energy resources.
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6 Reliability risk profile of the National Electricity
Market

Thischapterbuilds upon the previous described developments for capturing storage operatidn
modelling DER. The goal is to consolidate different emerging relevant adequacy risk drivers and
support technologies and provide a structured methodology to assess the reliability risk profile of the
NEM.

6.1 Methodology overview

Modelling of Resource adequacy Quantification of
possible risk factors assessment framework system adequacy risk

| Storage operation |
SchedNEM.jI PRASNEM.jI Multiple
DER operation metrics Event-level
(EUE, LOLH, information
CVaR(UE)

| SiennaNEM.j!

I Extreme weather events

Figure6.1: Schematic overview of the methodology applied for systematic assessments of the reliability risk profile of the
future NEM

Tounderstand the reliability risk profile of the NEM during the energy transition, we apply the-open
source modelling framework described above to provide a full characterisation of adequacy risk under
ISP scenario projections, storage operation modelloidyessing imperfect foresight, and explicit DER
representation. A schematic overview is presente&igure6.1.

Specifically, the methodology us€arselSH to access and consolidate all necessary data sources
from public ISP datmto a comprehensive data format that serves as the foundation for subsequent
studies This includes various weather years and demand traces, as well as the buildout scenarios
developed in the development pathways. This data is then translated into the operability frameworks
of SiennaNEM.jand SchedNEM.fo capture the timesequential operational details of the system
under various techology constraints. Complementarily, the adequacy framewBRASNEM.||
provides the computational efficiency and performance to evaluate the system under various outage
conditions. The methodology builds upon the three stages describEtapter4.

Theanalysif the reliability risk profiles built uponthe following approach:

1. Characterising the riskventsand the full risk profile under multiple metrics
2. Highlighting risk drivers and correlations as well as the implications of storage
operation approximations

These perspectives on adequacy are designed to provide a comprehensive picture of the reliability risk
profile of the National Electricity Market in the energy transition over the next decades. Furthermore,
all underlying modelling codis provided in theNEMvreliability-suite, SchedNEM,jand PRASNEM.jI

to enable reproducibility and empower stakeholders to employ and test different assumptions.
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6.2 Case study parameters

To obtain a comprehensive picture of the risk profile of the changing systemssess adequacisk
inaWo I & Sscebarida@d3sall 13 available reference weather years (262023), as well as both
demand levels provided (POE 10% and POE 30&@pplyl00 outage samples diermal generators
and transmission lines, therefore resulting in 2600 samp&&planning year, with hourly granularity
across the whole yeal he buildout of thenstalledcapacities is based upon t2824 ISP Step Change
scenaio, with the installed capacities as Table6.1. Because VPPs are forecasted as a significant
share ofinstalledcapacity we include their buildout in thanalysis, noting thathis storage capacity
may alsdoe providedby largescale batterieswith an increasing uptake forecasted in the recent 2026
Draft ISH117].

Table6.1: Installed capacities across the different planning years as percentage of peak demand. The buildout is based
upon the 2024 ISP Step Change scenario.

Base case capacipintegrated System Plan NEM
Year 2025 2030 2035 2040
Firm capacity(%) 85% 53% 31% 28%
Storage i{ncl. VPP)%) 20% 53% 75% 91%
VRE%) 127% 206% 245% | 235%
Hydro (incl. PHESY%0) 20% 22% 25% 22%

When assessinghe resultsacross multiple weathedemandreferenceyears we are applying the
weighting across the demand traces as outlined in @@25 NEM Electricity Statement of
Opportunities ESOQ[7], namely 30.4% for POE 10% and 39.2% for POE 50%, effectively reducing the
overall average risk, assuming a weight of 30.4% for the POE 90% cases which are not provided in the
ISP and noexplicitly assessedassuming nainserved energy eventsThese demand weights are
applied for the results below foht average metrics. Following this reasoning, when calculating tail
metrics such as VAR andaRy we assume a third run of the same number of samples with no
underlying adequacy risk events (i.e. the 90% demand trace).

6.3 Insights and results

As outlined above, the results are focused to first provide an overall characterisation of the risk profile,
followed by insights about underlying risk drivers, and finally concluded vditcaission oplanning
and operational measures for ensuring adequacy in a transitioning power system.

6.3.1 Characterising thehangingisk profile

The overall average risk under the operational assumptioh3feconomic operatiois presented in
Figure6.2 distinguished by regioandin Figure6.3 with respect to the underlyingeference weather
year.We observe thabn averageacross all weather yearthe systemcomplieswith the reliability
standard even with the fundamental shift in underlying capadigyond planning year 2030his is
expected since the ISP buildout is designeeipand the system to adhere to the reliability standard.
Looking atFigure6.3, we note that some years are above the reliability standard, while other years
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showcase close to no unserved energy, whiddlows expectationsas also described in the 2024 ISP
[119], but also reinforcsthat reliability in thefuture systemisincreasingly dependent on underlying
weather conditionsas thermal generation retires post 2030
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Figure6.2: Annual normalised average unserved endrgWNEM region in the base case.
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Figure6.3: NEMwide normalised average unserved energy (USE) per reference year in the base case.

While these base results providgecore understanding of the rigkrofile, we nowinvestigate the

underlying risk first on a sample level by looking at overall risk metrics, followed by an analysis of event
level detalils.

Complementaryrisk metric results

As described irChapter2, the adequacy risin an energylimited and weather dependenpower
system may be needed assessvith multiple complementary metricsSlocharacterise theehanging
risk, we determine thenagnitude duration, and frequencyof the risk across all the samplesvith
respect to theaverage as well asil metrics An overview of the NEMide reliability risk across the
four planning years can be foundhigure6.4.
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When comparing the adequacy risk metrics acrstesage operation approximations and planning
years, we can see an overall increase, especially post 2030. Across duration, frequency, and magnitude
the tail risk rises stronger than the average, indicating that specific outage and weather conditions
may especially drive the risk. Furthermore gthail in durationmay beespecially large compared to

the average indicating that duratiorbased metrics may be unsuitable ¢apturethe shift in riskas

the systembecomes dominated by storage and weathased generation.

Further details an be uncovered by assessing the distribution of event level détaile following
Event levelrisk details

Looking at thaunderlyingload shedding events in detaitross all weathedemand reference traces

and planning yearswe observethe results shown ifrigure6.5. Note that as these results show the
distribution of all the measured events, these results assume all events as observed in the weather
demand reference years with the same weight (i.e. no weighting by demand level is applied).

Comparing the distribution of load shedding events across the planning yeanaitevan increase in
numbers (i.e. frequency), as well as an increase in duration and magnitude of the,aviitis was

also reflected in the metric level overviethis suggests that the NEM may face longer and larger USE
events particularly after 2030, as thermal generation is retiring.

While the operational approximation case of derated energy (orange) exhibits a greater frequency of
tail events, there are a cluster of USE events in the economic operation case (green) with a significantly
higher magnitude, particularly in the planningaye2040.However, the tail risk of both cases is of
comparable magnitude (sefeigure), which suggests that the annual tail is heavily influenced by a
smaller number of larger USE events under the storage operation approximation of economic
operation, which may not be able to capture under the derated operation approximation. This
highlights how the uncertainty introduced by storage operation extends beyond overall memits

may affect investment decisions: while shorter USE events may beadadessed by additional
investments in storagdonger events may requifievestments in additional gas capacitydegmand
response.

On the other handthis difference in underlying risk events also highlightsv tail events may
potentially be addressed by storage operatioterventions as the occurrence of these events is
sensitive to the storage operational representation.
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Figure6.5: Details of unserved energy occurrenddSkevents) across all weathelemand reference traces and storage
operation assumptions.

Additionally,we consider the benefits afemandside participation (DSP) coordinatifor reducing
the observed adequacy risk occurrences. B3Rodelled as load reduction capacity with different
corresponding price bands, describedin Section5.4. We assume a compliance factor of 10606
the forecasted capacities and observe the results across all wed#rmeand reference years as shown
in Figure6.6.

While the distributionof the two casess similar in the earlier planning years of 2025 and 2030, we
observe thatin the yearswhen the system becomes dominated by weatlependent generation
and storage, the value of load reduction in critical periods through DSP is piighiinent Especially
tail risk events are effectively reducethen considering thdlexibility of reducing demanih critical

periods in accordance with AEMO 2024 ISP foreleasls
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6.3.2 Assessingdequacyrisk driversand conditions

In the following we are investigating the specific system conditions and correlations that may serve as
specific risk drivers, with the aim at informimpdanning andtargeting operatioral mechanisms to
support reliability.

Qritical periodsacross the day

Figure6.7 showsthe start times of the critical risk events across titae of day, asthe underlying
resource mix changesnd storage becomes the maaequacy support. We observe that white
2025 and 203@he main start of risk periods is in the evenirige start of the events shifts across the
day and to the morning peak timesdowever, a difference between the storage operation
approximations is visibleThe risk in the high energyand derated energyapproximationsis
concentrated at the netlemand peak times in the morning and evening, wifle risk in the
economic operatiosaseis starting also later at night due to the lower state of charge of storage units,
and therefore the reduced ability of the system to responlis shift irrisk timesmay requireflexible
operational mechanisn® address changing risk periodsder uncertain storage operation regimes.
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Figure6.7: Distribution of start time obbservedoad shedding events across all weatdemand reference years, as well
asunderdifferent storage operation approximations.

Demand levels

While varying demand across the day may serve as risk driver, the absolute magmitsigdso
traditionally beerthe key risk driver, agthermal generatiorbased system may be capacity constraint
especially in high demand hours. However, with increasing MRIEtrations, the relationship
between high demand anadequacy risknay beincreasinglyveakening The distribution of unserved
energy events against theperationaldemand isshown inFigure6.8. Since aggregated embedded
storage is fully visiblas VPP tthe market in our simulatioandis scheduled like utility scale storage
we are consideringthe underlying demandreduced by rooftop PV productiprto get a better
understanding of the demand conditions that the systand storage schedulingay face in critical
periods
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Figure6.8: Distribution ofevent level unserved enerdy$Bwith respect taunderlyingdemandminusdistributed PV
generationat the start of the eventunder the economic operation storage approximation

We observe thain the years 2035 and 204Kkey reliability risk periods are still associated with periods
of high demandaccounting for distributed P\@ven as the system transitions away from thermal
generation This supports thdraditional riskfocus onpreparing for the (net) peak periods and
highlightsthe ongoing need t@repareand scheduleéhe system fohigh demand periodsHowever,

as thermal generation is retiring arsiorage operation defines system riglg increasing number of
USE events occur at lower levels of demasaturring alreadys low as ir60% of the annual peak
levels.Thisspread indicates thaadditional planning and operational measures may be required that
can support reliabilityat various levels of demand.
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VRE availabilityand storage state of charge levels

To understand what different storage operation approximationay reveal about adequacy risk
drivers, we examine VRE availability and storage state of charge levels in the 8 hours before critical
events. These preevent hours are critical because théyghlight the charging and discharging
decisions of BESS across the syst@snwell as energymitations that the whole system is facing in
terms of VRE energy potential.

Figure6.9 shows thedistribution of risk eventsith recorded unserved energy in 204@ross all
weatherdemand reference years and undiie three storage operation approximationgroduced
in chapter50 with respect to residual demangeft) and tostate of charge across the shednd
medium duration storage units (rightiResidual demand here eonsideredas the total NEMvide
demand,minusthe NEMwide VRE availabilityer hour.
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Figure6.9: Distribution of risk events with recorded unserved energy (USE) im@@43 the NEMnderthe threedifferent
storage operation approximationstroduced in chapter.4rhe average state of charge (SoC) of the storage uitdcislated
across all shortand medium duratiorstorage as well as coordinated embedded units (in VRf®)magnitude of the event
levelUSHs normalised by the total annual demaafithe respective weathestemandreference year.

In line withFigure, we observe thatthd&lA &1 S@Syia NBO2NRSR gAGK aidz2NI
SYSNH@&é¢ | NB Y 2ompare®td yieaPpyosiimidticin 6fRconomic operatidwditionally,
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a clear differenceis emerging when comparing the risk eventscorded by the different
approximations(highlighted in the figure)Whiled KS S @Sy ia NBO2NRSR dzyRSNJ ¢
concentrated around higher residual demand periods, the ev@nt$2 Y a¢SO2y 2YA O 2 LISNJ
stronger aligned witlprecedinglower state of charge periods.

This differenceunderscores a key takeaway from chapterthat adequacy assessments need to
consider the dimension o$torage operation uncertainty when evaluating a systdefined by
weatherdependent generation andtorage. While all these approximations arbaracterised by
limitations, acombination of storage operation approximation algorithms may be ne¢dedentify
allrisk drivers andnform investment and operational measures.

6.3.3 Discussion on addressitige changing riskrofile of the NEM

The above resultsvarrant some key considerations regarding necesgalanningand operational
measures that should be taken for ensuring adequadhenNEMpost-2030, as thermal generation
retires and is replaced by weathdependent resources, complemented by storage.

Planningperspective

Considering requireglanning measurefor ensuring adequacgcross the next decades, it needs to
be stressed thathe ISP outlines a substantiaVel ofinvestmensto achieve the base case scenario.
This includes approximatetyipling VRE capaciyncluding distributed P\Hetween 2025 and 2040
alongsidea massive buildout of storagexceeding30 GWof storagein the form of utility storage or
fully coordinatedvirtual power plants.These investments form the foundation upon which the
adequacy outcomes presented in this analysis depend

A key challenge irdetermining the optimal mixfor planning investments is the uncertainty
surrounding storage operation approximations. Rather than attempting to determine a single
"correct" storage operation model,raore robust approach would be to calculate adequacy risk across
multiple storage operation assumptionghiscanprovide a wider range of outcomeand may help
identify investments that perform welfor supporting reliability across different operational
approximations Additionally, demand esponse could be especially valuable for reducing this
uncertainty, as it provides flexibility that is less dependent on perfect foresight or specific operational
assumptions.

Beyond average adequaayonditions reliability planning should facilitate DER coordination to
prepareagainst tail riskdriven by specific weather conditionEnabling demand reductiofDSP)n
those critical periodsanimprovesystem reliabilitymassivelysee Figure), reducing the need focost
intensive additionajenerationinvestmentsfor tail risk events

Measures on operational timescales

Complementary to investment considerations for resource adeqguaeyresults also highliglseveral
operational optionsand requirematsto address and ensure reliability in a changing NEM.

From the event levetletails compareFigure, we observed a difference in tail risk events across the
storage operation assumptions. While this highligsti®ng uncertainty andmay potentially lead to
reliability risk if left unaddressedhis divergence in event level details may also be seen as operational
opportunity: Given that the size of the events changes pufeyn operational meang in contrast to
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differentinvestments; operational measures such as interventionay provide a strong opportunity
to prevent or limit tail risk event&.g. this could shift the risk profile froapproximationA3 towards
the risk of A2).

Additionaly, considerinduture risk driversthere is an increasing needdonsider flexiblgparameters
to also capture nofpeak demand periodm operationalreliability measuresThis should include for
examplesupportacross thenight or at low VRE period#\lso here, to identify the relevant periods,
multiple different storage approximations may be requingithin the reliability assessment.

Economicand policy implications

There are economic implications of ensuring reliability in a system highly sensitive to storage
operation. The intrinsic risk related to uncertain adequacy results increases system costs in two ways:
either through increased levels of unserved energy, or thioadditional infrastructure investments
required to hedge against this uncertain@n the other hangstorage operation can be influences
resemble the operation assumed in planning models. This introduces additional costs or revenue
losses for storageperators, as they must forgo profit opportunities to support system reliability.

This createghe fundamental tradeoff between cost of aligningstorage operation with system
reliability objectives, effectively giving away opportunity cost to reduce overall systenHmsgever,

the different storage operation mechanismmsy also be understood to represedistinct regulatory

and market frameworksStorage operation in the high energy and derated energy cases may
correspond tesystem operation under a form eapacity mechanism framework, where storagay

be subject toa form ofminimum state of charge requirementsless called uparn contrast, the
economic operation casenay refled an energyonly marketbased framework where storage
responds primarily to price signalBhese mechanismsaybe changed through policy interventions
such as introducing capacity mechanismis imposing operational constraintsx form of the
operational measures discussed above.

The presence of a capacity mechanism that explicitly influences storage operatioratsmpdvide

another significant benefit: it would reduce the intrinsic uncertainty in storage operation modelling.
Rather than storage behaviour being driven dnmplexheterogeneous markeinteractionsunder
imperfect foresight, a capacity mechaniswuldconstrain storage operation within more predictable
bounds, making adequacy assessments more robust to operational assumptions. This suggests that
policy design choiceshay influence both actual system adequacy and the confidence with which
adequacy results may be interpreted
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6.4 Keyfindings

Thischapter provided a comprehensioverview of the NEM reliability risk profile, te underlying
system resources change from a therrdaminated to a weatherdependent, energyimited
resource mix, in line withhe 2024 ISP Step Changptimal developmenpath. While the overall
system is expected tmeet the reliability standardacross the considered planning years of 2025 to
2040, the underlying distribution of risk events is experiencing awhitthis sensitive to storage and
system operation approximatiorandmay exhibit increasing tail rigents The followindeypoints
are emphased:

T

As the system becomes dominated by VRE and storage, the NEM méynigeeand larger
load shedding eventsespecially under storage behaviour aligned wgheconomic operation
approximations However, demand flexibilitymay significantlyreducethe impact of these
events

Tail events may be avoided by investmeltereased DER coordinatioas well as storage
operation interventions, as they are sensitive to storage operation assumptions
Ensuring reliability in a future weathelependent systenwhile relying on energyimited
resources to shift energy requires addressing critical periods that may occur aearusss
times of day, including late evening hours, and across a wider range of demand levels.
Thereis substantial potential for operational interventionsgiven the significant differences
in adequacy outcomes across storage operation approximations.

The changing riskeriods and drivers, as well as the sensitivity to storage operatiag
necessitate investments in control of flexible assets, as well as operasiodgdolicychanges
that are able influence storage operation. However, suchneasures should be
complementary to, rather than replace, typicgleak demandisk management
Identifyingrisk periodsto define investment and operational measuresquires usingnore
than onestorage operatiorapproximationasindicated inFigure6.10. As storage operation
may be inherentlyuncertain,different storage operation algorithmsnay expose different
risk drivers and risk periods in the system.

Increasel DER coordinationfor examplein form of price-sensitive demand reduction (DSP)
canbe effective for mitigating tail risk eventsand storage operation uncertaintyhat may
occurin NEMafter 2030 Investmentsand policypromoting DERvisibility and controllability
may provekeyfor ensuringreliability evenunderlow VRE conditions

Storage
operation o
Probabilistic N weather years
infrastructure M outage samples
Weather outages P stora eag roxinaations
and demand & g€ app

variability and > N x M x P simulations
events

Figure6.10: Stylised representation of dimensions of uncertainty fundamental for adequacy assessments in-weather

dependent systems dominated by storage.
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7 Resilience scenario modelling for power system
planning

The primary purpose of a power system is to supply electricity to consumers. This requires adequate
generation resources and secure network operation so that the system can maintain stability during
and after disturbances. These requirements have long lzdressed through reliability planning,
which is built around generation adequacy and network security critS&eparately, the concept of
resilience has been discussed in the context of natural disasetieeme eventsand highimpact
low-probability (HILP) disruptionstecognising that some disruptions exceed what conventional
reliability planning is designed to handle. While the two concepts are not new individually, their
interaction becomes more relevant as power systems evdaifeschapterhighlights the difference
between reliability and resilience while highlighting the importance of incorporating resilience
modelling as the systems transition to VV&ininated system. A comparison of the two paradigms is
provided inTable7.1.

A power system planned under the reliability paradigm is designgeetiorm consistently under
foreseeable operating conditionsThis involves two core requirements: sufficient generation must be
available to meet prevailing load demand, and the system must be capable of withstandlitmy N

1-1 and N2, where applicable) contingencies without instability or cascading outagesuriderlying

logic is that designing for credible disturbances and maintaining adequate reserves will allow the
system to servdoad reliably under normal conditions. Reliability planning is effective for credible
contingencies but does not extend to events well beyord br N2. On the other hand, atural
disasters affect multiple facilities simultaneously in ways that are difficult to anticipate. It is neither
practical nor economical to design a power system to withstand all such events.

Under the resilience paradigm, the system is expectedhitigate the initial impact for example
limiting the scope of widespread blackout, amécover as quickly as possibleThe resilience
expectation may vary significantly depending on the time, nature, intensity, location of the natural
disaster events that would result in differentNextreme contingencies on the system. Rather than
preventing all outages, the aim is tinit the extent of system degradation and restore normal
operation as quicklysapossible. Simply put, the goatassustain critical system operation to enable
quick recovery

7.1 Reliability andesiliencedefinition fromindustry andstandards
bodies

The concept of reliability has been defined and refined across multiple international bodies over
several decades. The International Council on Large Electric Systems (CIGRE) established an early
RSTAYAGAZ2Y AY w™dy tainedRBaioOtihdaility ybfh bukpdwerlsysterh to deBver &4 W
electricity to all points of utilization within accepted standards and in the amount désieed ¢ KA a 41 a
subsequently refined in 2002 to encompass two functional aspects, adequacy and sgufit20]

By 20B, CIGRE updated the definition to include bidirectional power flow, reflecting the growing
LINBEASYOS 2F RAAUNRAROdzASR ISYSNI GA2yd wSEtAIFOAfAGE
system to deliver electricity to all points of consumption amedeive electricity from all points of
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the 2018 update derives from the 1987 definition rather than the 2002 version.

The Institute of Electrical and Electronics Engineers (IEEE) adopted a probabilistic perspective in their
now inactive standard, defining reliability #he probability that a system will perform its intended
functions without failure, within design parameters, under specific operating conditions, and for a
specific period of tim@122]® ! 22 Ay i L9 99k / L DwO9theiplokaRility BANID S
aFrGAaTEFOG2NRE 2LISNIGA2Y 20SN) GKS f2y3 NizylyxX (K
continuous basis, with few interruptions over an extended time pgiag].

RS:
S

The North American Electric Reliability Corporation (NERC) characterises reliability in terms of
YSI &dzN¥ 6t S 2dzli 02 Y S & dtheldégredt&wihidi\iie pedfarmande bfihk @elnenisii & | 3
of that system results in power being delivered to consumers within accepted standards and in the
amountdesire®@> y20Ay3 GKIFIG NBtAFoATAGE YI& 0SS YSI adaNB
of adverse effects on consumer servjt3].

CKS ! dzadNItAFY 9ySNHE al N) Si the abfitNaf ihe pdedsystem h 0
to supply adequatepower to satisfy consumer demand, allowing for credible generation and
transmission network contingencig424], whilethe Australian Energy Market Commission (AEMC)
RSaONAoO0Sa Al thekeYsleliodgh ¢apacit$ (feneatzidn y@mand response and networks)
to supply customef@ 25].

RS

The concept of resilience, although newer compared to reliability, also has been defined and refined
FONR &A YdzZ GALX S Ay dSNYI (A 2thelatility  diRdtafdiadd radgcdthe RS F A y
magnitude and/or duration of disruptive events, which includes the capability to anticipate, absorb,

adapt to, and/or rapidly recover from such an ev@#t6], [127]

AEMO has drawn on several external frameworks in its planning documents. Earlier references cited
the 2009 United Nations Office for Disaster Risk Reduction (UNDRR) definition, which described
NEB & A f AtBeyaDilly of aisysteém, community or society exposed to hazards to resist, absorb,
accommodate to and recover from the effects of a hazard in a timely and efficient manner, including
through the preservation and restoration of its essential basic strestand functioa[{28], [129],

[130]. In the Inkgrated System Plan (ISP) context, AEMO adopted CIGRE'sSystesrspecific
RSTAYAGAZ2Y S RS atkeNahiliyrof/adpoweiSsiistein xoSiyiilCtige extedt, severity, and
duration of system degradation following an extreme e{aftl, p. 8], [132]

Table7.1: Comparison of reliability and resilience definitions and characteristics, bagg83in

Reliability Resilience

AEMO Definition

The ability of the power system to supply
adequate power to satisfy consumer
demand, allowing for credible generation
and transmission network
contingencieg124]

(using CIGRE Definition) The ability of a
power system to limit the extent, severity,
and duration of system degradation
following an extreme everjtl31], [132]

IEEE Definition

Reliability of a power system refers to the
probability of its satisfactory operation over
the long run. It denotes the ability to supply

adequate electric service on a nearly

The ability to withstand and reduce the
magnitude and/or duration of disruptive
events, which includes the capability to
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continuous basis, with few interruptions
over an extended time periofd.23]

anticipate, absorb, adapt to, and/or rapidly
recover from such an evefit26]

Contingencies

Deterministic,

All contingencies from beyond normal

Considered Normal criteria: minimum N and N1-1 criteria contingencies to selected extreme
(with system restoration) Planned outages| contingencies with probabilistic assessmer
must be duly considered.

Performance No instability or cascading outages alloweq Partial or total system collapse is expected

expectation for certain events

Load levels Peak and ofpeak condition Goal is to meet at least the critical load lev

System restoration

Restoration isiot modelled but is
considered achievable, as only credible
contingencies are considered

Challenging due to expected equipment
impairment for certain eventgdependence
on other critical infrastructuresand the
scale of the damage

Compliance

Mandatory for members systems in the
NERC and ENTE&Onterconnections
Mandatory within relevant regulatory
framework worldwide

Challenging due to expected equipment fo
certain events or dependence on other
critical infrastructures

Inter-dependencies
between

With appropriate consideration especially i
system restoration

Must be duly considered, during and after
event(s)

infrastructures

7.2 Resiliencén transition to VREominated system

As the system undergoes transition into a MREinated system, the importance of considering
resilience in the planning framework increases. VRE resources introduce characteristics that are not
well captured by traditional reliability frameworks as théffet from thermal generators. Generation
output of VRE plants depends on weather conditions rather than fuel availability, making it inherently
variable and uncertain. Furthermore, VRE resources are distributed across multiple voltage levels and
locations This is in contrast with traditional synchronous generators that are often clustered and
connected to higkvoltage transmission networks. Another consideration is the behaviour of inverter
based control technology as it exhibits different dynamic behavicompared to synchronous
machines. Unlike synchronous machines, inveb@&sed resources are not electrmechanically
coupled with the system. Combined with the increase in weatktated events, both in severity and
frequency, there is a growing need better incorporate resilience towards extreme weathretated

events into the planning framework. Some notable aspects of weattlated events that need to be

better considered in the planning process drethe spatiotemporal behaviour of hazardsij) the
multiple hazards simultaneously triggered by a single extreme weather eaed(iii) the occurrence

of common modeeffects of a single hazard across multiple asset types

The characteristics of contingencies during weattedated events sit outside the scope of common
reliability criteria via credible contingencies. Consider, for example, high ambient temperature across
a wide area. Firstly, understanding the spagmporal behaviour gives us information that some
regions experience more severe temperature during the day. With a system as large as the NEM, the
far north and the south part of the NEM may exhibit different temperature profiles and peak at
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different times. Secondly, the compounaf multiple hazarg gives information that the high
temperature might be followed by other hazards such as bushfire and heat dome. The bushfire can
also produce smoke while the heat dome can produce downward wind, both increasing the outage
rate of transmission lines overwide area. Lastly, the common mode events due to high ambient
temperature inform us that high ambient temperature not only reduces the capacity of the networks,
but also reduces the power output drihe capacity of wind turbines and solar panels.

Considering hazard characteristics with a proper consideration of plausible future extreme events will
provide insigh$ that cannot be obtained through conventional high-kNreliability studies.
Conventional reliability studies assptionsdo not capture the nature of weathedriven impacts as
explained above. Traditional reliability metrics such as Loss of Load Expectation (LOLE) and
deterministic security analysis are not well suited to characterising these @sk#he other hand,
incorporating resilieoe modelling into power system planning does not replace reliability
assessmerst Rather, it extends the analytical framework to cover a wider range of risk scenarios.
Reliability addresses performance under credible contingencies on typical days. Resilience addresses
the system's ability to limit damage and recover when those coetioges are exceeded. Together,

they provide a more complete basis for planning a system that is secure, stable, and robust as the
energy transition continues.

7.3 A survey of extreme events in Australia

As explained before, designing resilience scenarios for planning frameworks requires an
understanding of the hazard itself. To build this understanding, a survey of historical extreme events
in Australia is conducted. This survey is not exhaustive buerathowcases hazards in Australia to
better identify common drivers and the events related to those drivers. The survey is also used to
better understand the impact of each hazard at the component or device level. A summary of the
historical events groupely their driver is provided ifiable7.2.

Table7.2: Summary of reviewed historical extreme events in the NEM.

Hazard Driver
Heat wave Windstorm Hailstorm Flash flood
High Ambient Temperature| SA02/17
High Front Wind Speed VIG02/24 SAQ09/16 NSW10/24
Smog VIG01/07
Hail SA09/16 NSW10/24
Lightning TAS02/15 SA09/16 QLD11/25
Flood SAQ09/16 QLD02/22
Bush Fire NSWV-01/20
Low Wind Speed SA02/17
Drought NSN-06/07

VIG01/078 Victoria Heat Wave and Smog Event (January 2001toria experienced a prolonged
heat wave followed by a bushfire in January 2007. The bushfire produced significant smoke that
caused a line trip of the Dederaggouth Morang 33RV transmission line due to flashover. This event
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triggered the separation of New South Wales, Victoria, and South Australia due to a cascade of
transmission line trippind.34]. The event is a useful example of how a tertiary hazard (smoke) can
compound the secondary (bushfire) and primary (high ambient temperature) hazards that already
impose stress on a power system.

NSWO06/0786 New South Wales Drought (June 2002)severe and prolonged drought during 2Q06

07 was later identified as the National Electricity Market's first major widespread shock to electricity
financial marketsThe drought reduced dam levels in the Snowy, Tasmania, and Victoria, reducing
hydro generators' output and increasing their costs. Snowy Hydro, for example, was pumping water
at high cost to deliver a third of its output. The drought also reduced theadititiy of coal plants.
While some coal phts are air cooled and others use sea water, most coal plants in the eastern states
use fresh water for cooling. In Queensland, water shortages reduced output by around 8 per cent.
Wholesale prices in the NEM averaged aro®7® per megawatt hour in the June 2007 quarter
compared to arounds25 at the same time the previous y¢aB5] . Drought is a slownset, long
duration hazard driver whose systewide impacts manifest through reduced generation availability
and elevated wholesale electricity prices. Goned with other sudden hazards, drought could deliver
even higher impacts to the system.

TAS02/151 Tasmania Lightning (February 201&)n the summer day of 28ebruary 2015, lightning
strikes on transmission infrastructure caused the simultaneous trip of the Gq€&lmapel Street No.2
transmission line and the Basslink interconnector. This disrupted power flows and required activation
of the Fast Contingency Secondary Protection Scheme to maintain system frequency. AEMO invoked
frequency control ancillary service cdrants and directed Gordon Power Station to reduce
generation to manage the @meased FCAS requirements at that tid86]. While Tasmania itself
experienced only moderate temperatures that day, the northern part of the NEM was experiencing
high ambient temperatures. The incident demonstrates that lightrrigen transmission failures can

occur independently of local temperae stress yet still affect a power system already under thermal
strain elsewhere in the interconnected network.

SA09/16t South Australia Black System (28 September 2018)severe storm crossed South
Australia on 2&8eptember 2016, generating multiple tornadoes with wind speeds between 190 and
260 km/h alongside thunderstorms, hail, flooding, and intense lightning. Three separat&k\275
transmission lines tripped in quick succession, resulting in six voltage dips ovemnanute period.

The resulting voltage dips triggered the protection systems of multiple wind farms, and around 456
MW of wind generation was lost. The Heywood interconnector then tripped, islanding South Australia
from the rest of the NEM. The Souftustralian system could not sustain frequency on its own and
collapsed within seconds, blacking out approximately 850,000 customers in South Australia. The same
storm also produced widespread thunderstorms, damaging hail, and heavy rainfall. Significant
localised flooding across parts of the state contributed to further infrastructure damage and failures.
Restoration was also hampered by the persistence of severe weather throughout Wednesday 28 and
Thursday 29 September. Although widespread thunderstorrfectfd mostly South Australia, the
system led to significant rainfall over Victoria and southern New South Wales, where flooding
subsequently continued after earlier rainfall eve[it87]. These events highlight how multiple hazards
compound during a severe windstorm event.

SAQ02/17t South Australia Heat Wave (February 201%&) intense heat wave swept across southern
and eastern Australia in early February 2017. Arearage maximum temperatures reached 430
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in South Australia on Bebruary{138]. The extreme heat drove several compounding failures across
South Australia's generation fleet. Thermal ratings of the Torrens Island B1 and B4 gas power plant
units were reduced from 200AW to 150 MW and 190MW respectively.This eventresulted in
involuntary load sheding in South Australjapproximately 300 M\or 31 minutes on average, with
some reports describing the outages last up to abou#i80ninutes Two days later 16ebruary, New
South Wales experiencedem-average temperatures of 42°Z, again impacting thermal generation.
The Eraring coal power plant reported a 3@V capacity reduction, while the Liddell coal power
plant was taken out of action entirely. These outcomes are consistent with thedaelimented
effects of high ambient temperature on thermal generators, where reduced cooling efficiency and
derating caroccur at high temperatureg 39] or even increase their outage raf240]. Wind output

on 8February also fell below the alreattyw forecast levels due to the heat dome, showing how high
ambient temperature and low wind speed can act asocourring hazard drivefd41]. High ambient
temperatures also reduce wind turbine capacity and output dire¢ii¢2]. Rooftop PV solar
generation, by contrast, was only slightly derated around°@0and in fact helped the system by
shifting and reducing the afternoon demand pgaB8]. According to several reports, significant PV
power reduction does not occumtil temperatures exceed approximately 50[142], [143], [144]

NSWO01/20t New South Wales Black Summer Bushfire (January 2020 20192020 Black
Summer produced catastrophic fire conditions across New South Wales and Victoria, driven by record
extreme heat and strong winds. TransGrid's transmission network sustained direct physical damage
from the bushfire, including scorched conductdrsulators, wooden poles, and crossarms. Indirect
damage also occurred due to smekeluced flashovers on higéoltage line4145]. The heavy smoke

also depressed PV solar generatover affected regions for extended periods. The event underscores
that bushfire is not a standalone hazard but rather compounds with other hazards such as extreme
heat, strong winds, and smoke to create a complex hazard environment that can inflict veidesp
damage on power system assets and disrupt generation.

QLD02/22t Queensland Floods (February 2022)large trough battered southast Queensland for

almost four days from late February 2022, bringing extreme rainfall anthliéatening flash floods.

An area north of Biggenden recorded 4@3n of rain in 24 hours, with 38thm falling in just four

hours. The Mary River at Gympie was forecast to possibly exceed the major flooding levels last seen
in February 1999. Emergency services responded to almost 1,000 events in a single day, including 41
swift-water rescies[146].

VIG02/24t Victoria Windstorm (February 2024Pn 13February 2024, extreme heat and bushfires
affected Victoria. When a cool change arrived in the early afternoon, it brought severe downdrafts
that toppled six 50kV transmission towers near Anakie at 14:[187]. At its peak, over 530,000
electricity customers were offline, and some customers remained without power for more than a
week [148]. Earlier at approximately 12:35, Australia's largest wind farm at Stockyard Hill had
disconnected due to a nearby grass fire. This wind farm outage turned out to help the system by
reducing the transmission loadir{d47]. However, this event illustrates how extreme convective
downdrafts can inflict catastrophic mechanical damage on even the transmission infrastructure,
compourding high ambient temperature and bushfire hazards.

NSW10/24t New South Wales Windstorm, Far West (October 2022 the night of 18Jctober
2024, severe weather with higépeed winds and hail struck western New South Wales near Broken
Hill. Seven transmission towers collapsed approximatelkriésouth of the town, causing some
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outages in the town and nearby arefis19]. The event illustrates how extreme wind and hail can
inflict mechanical damage on transmission infrastructure.

QLD11/25t Queensland Giant Hailstorm (24 November 2028)n 24 November 2025, a long
tracked supercell thunderstorm moved approximately 1,400 from northern New South Wales
through southeast Queensland and north along the coast, finally dissipating near Mackay around 7:00
am on 25November. The Bureau of Meteorology recordedcii hail at Ferny Hills and Manly in
Brisbane, with wind gusts of 18Mm/h at Brisbane Airport and 1ddn/h at Maroochydore. Additional
reports cited hailstones up to £45cm in siburbs including Gumdale, Chandler, and parts of Logan
and Redlands. Power provider Energex reported over 150,000 customers without supply at the peak,
with approximately 600 downed powerlines across the region. The event produced an estimated
525,000 ligiming strikes. Hailstones of this size exceed the mechanical and impact loadings typically
considered in the design of overhead network as§Es®]. The ceoccurrence of giant hail, destructive
winds, and intense lightning in a single ldigd supercellllustrates the tairisk posed by extreme
convective storms where multiple hazards occur together over a wide area.

7.4 Research Questions

Following the above discussion, and to understand and represent the perspective of resilience within
adequacy planning, we investigate the following research questions:

1. Howmayresilience scenarmbe systematicallyparametrised?

2. How cana detailed parametrisation od heatwaveand a VRE droughtaken as specific,
representative case studiebe conductedfor the Australian east coast systerand which
data requirementsmethodological advancements, agdnsiderations need to be performed
to ensurean appropriate levebf detail?

3. What may bethe impact of explicitly considering resilience evengd what are the
implications for ensuring reliability in a future weathdriven Australian power system?

7.5 Representing resilience scenarios

In the following, we outline themethodological steps for developing, characterising, and
implementing stresgest scenarios within reliability assessments for the Australian-eaast power
system.

First, we present a general workflow, followed by the steps for a specific example of a heatwave based
on the 2017 extreme event in South Australia, highlighting the complexity and considerations that are
required to translate an abstract external stresgao parameter changes for resilience studies.

Furthermore, since weathedriven stressors may also arise within the power system itself through
extended periods of low VRE availability, then we present considerations that may support explicit
representation and assessment of a VRE drought withineesé studies.

7.5.1 Workflow for designing resilience scenarios for planning studies

To better incorporate resilience into planning studies,preposeasequentialworkflow that isshown
in Figure7.1. Thisworkflow is built around the following terms

1. Driver. The underlying scenario that drives events and triggers outages (e.g., a heatwave).
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2. Trigger The instantaneous initiation of an event due to the driver (e.qg., line outages triggered
by downdraft winds).
3. Event A condition that can be:
a. lasting consequence of the driver (e.g., reduced line capacity),
b. adirect result of a trigger (e.g., islanding), or
c. a cascade from another event (e.g., undi&guency generator trip).

Their elationshipbetween these terms is illustrated Figure7.2.

Climate and
Weather Data

Historical events

===

Reports Replication

Pt

Hazard Quantification

-

Driver Determination

-

Input Parametrisation
e
Iriggers . Events Identification

Identification

System Operation Assessment

Figure7.1 Overview of the proposed workflow for the desifrscenarios to assess system resilience.
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Figure7.2: Relationship between a driver, trigger and evdatshe design of resilience scenarios.

The workflow for integrating systenesilienceunder climate and weather eveirito aplanning study

can be grouped into three major parts. Those parts are (1) data collection and analysis, (2) simulation
setup, and (3) modelling. In the following, we present these steps in more detail on a theoretical level,
which is followed by a concrete example i tlollowing section.

The first part of the workflow is built aatata collection and analysidVe start this part by investigating
historical contingency events across the east coast Australian power syBtenmaininformation
sources for this process are event reports and replication studies. This process is used to better identify
the drivers and relationships of those contingency evefise historical event investigation is
presented in Sectioii.3. We also examine historical and projected climate and weather data for the
NEM. Based on historical events and available data, we conduct hazard quantification to better
understand the risk of weatheelated events for the power systenthis process is presented in
Section7.5.2 This data collection and analysis process is then followed by a simulation setup process.

The simulation setup processconsists of the driver or scenario determination and input
parametrisation steps. The driver determination step involves selecting an appropriate driver or
scenario used to generate weatheglated triggers and events that will impact the system. Thetinpu
parametrisation step then defines how the system responds to the selected driver. The
parametrisation used in this report applies a direct parametrisation approach, informed by various
reports, studies, nameplate specifications, standards, and prevesgarch on the impact of weather
events on devices in the power system. In this approach, we translate weather events such as high
ambient temperature into devicéevel parameter changes such as the capacity and forced outage rate
of lines. Thus, this press translates exogenous weather events into endogenous system parameters,
which feed directly into the modelling process.

The last part of the workflow is modelling. In theodelling step we determine which triggers and

events are incorporated into the models. For example, we apply changes to the capacity of lines. These
updated parameters are then passed to several epearce models developed for this project. This

last step of power stem assessment is conducted using SiennaNEM, SchedNEM, and PRASNEM. The
output of this workflow is a quantitative assessment of power system behaviour under extreme
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weather events. These results can then be used to inform decision makers on how the future power
system behaves under plausible extreme weather conditions.

7.5.2 Climate and weather data sources

Based on the risk rating matrix based on consequence and likelihood published by the Electricity
Sector Climate Information (ESCI) project, heatwalated events are assigned a major consequence
rating (4/5) and a high likelihood rating (4/5) under figuclimate projectiong151]. Although
heatwaves are often discussed highpact lowprobability events, the ESCI ratisgggestshat their
projected likelihood is high enough to warrant explicit consideratiduture planning studiesThese
ratings podion heatwaverelated events as a critical focus area when assessing a future power system
operability across NEM in the context of weather and climate hazards as external @iheaesult of
historical event reviews in Sectigh3 also align with the insight provided by the ESCI profeased

on this reasoningthe modellingexamplefocuseson heatwave as thexternal weather and climate
driver. The climate and weather data is then used to parametrise input data for system operation
assessment.

Data required to create realistic future heatwave scenatimsnodel the impact of climate and
weather conditionsare collected fromvarious sourcesiVe collected highresolution meteorological
data from the European Centre for MediwRange Weather Forecasts ReanalySiSERAS5)J152],
[153] and theAustralian Community Climate and Earth System Simulator Coupled MAEICESS
CM32 [154], [155], [156)with sufficient spatial granularity to represent realistic geographic variation
across the NEMThe data from ACCESSM2is part of a biggerinternational collaboration project
calledCoupled Model Intercomparison Project PhaqdE€MIm).

To simulate future climate and weather conditions, ERA5 and CMIP6 data are combined. This
approach is chosen due to ERA5 having higher temporal granularity than CMIP6 but not providing any
forecast data. The process begins with the selection of a histdn&zard scenario or event. The
merging process then generates a plausible future event by assuming that all climate and weather
data in the historical data stay the same as in the future, except for the daily maximum and minimum
temperatures The correspnoding historical temperature profile is then normalised based on its daily
shape at every spatial poirftom which a spatial and temporal profile is extracted. This profile
issubsequentlyused to disaggregate future daily data into hourly data. In doisg,

the methodologyis able toreplicate the shape of the temporal profile of a historical hazard scenario

or event, scaled to reflect the severity of future conditions as projected under global warming.

To avoid introducinginintendedartificial common modeffectsinto the simulations, the spatial and
temporal granularity of the meteorological datae fully utilised. For the spatial granularity, each
renewable zone is modelled as a mesh of components across its whole area of the renewable zone.
The region boundaries are based on thdicativeREdoundariesof the 20241SP data. The resulting
mesh of gridscale solar and wind farms can be seeRigure7.3. This method is also applied to bus
loads, usingurban centres and localities dat® incorporate spatial granularity intihe solarrooftop

traces.
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Figure7.3: ERABalignedtemperature meaurementmesh points inside renewable energy zomassjgnedd thenearest
node in the 2024 ISR busnetworkrepresentation

7.5.3 Parametrisng a heatwave scenario

The workflow forparametrisng a heatwave scenario into resilience modelling begins with collecting
forecasted climate and weather data layers consisting of temperature and wind speed data. In this
step, a spatial and temporal profild bow the heatwave event revolve is determined. This step is
important to capture both spatial and temporal correlation to avoid introducinmtendedartificial
common mode effedt, where multiple components unrealistically behave in the same way across
different locations and times

In this study, we seek to use, align with, and preserve the data provided in the 2024 ISP, including the
demand and renewable energy traces. Demand under heatwave conditions is represented by selecting
demand traces associated with historical heatwavegi#sicontained within the reference traces. This
selection process also ensures that renewable generation traces are selected from the same time
window and operating conditions. By doing so, the analysis captures thedngan load that is
inherently refected in the demand traces, while preserving the characteristic behaviour of rooftop
PV, wind, and solar generation under the same weather conditions. Maintaining this correlation is
necessary to avoid constructing an internally inconsistent stress eseci, as combining heatwave
driven derating with demand profiles that do not reflect heatwave conditions.

The nexstep required for performing resilience analyisiacomponentlevelimpactparametrisation.
Through this, thespatial and temporal profilef the heatwave event from theata acquisition and
curation step is used to constructystem componentlata with associated climate and weather
profiles. The gedagged system components are extracted frédBMO ISP Inputs and Assumptions
data, with urban centres and localities as the secondary souratistsibutedsolar geelocation data.
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The forecasted climate and weather profileseachcomponent, combined with other system data
and traces provided by AEMO, are used as inputs for parametric functions governirgpegmiment.

In this project, parameters of different types of system components are adjusted baghd olimate
and weather profiles Tre considered impacts on theomponents arethe thermal derating of
transmission lines, thermal generators, wind turbinesxd PV The final output ofthe input
parametrisation processs a set ofcomponents with new parametric profiles attached to
eachcomponent. Thus, various system parameters become -Seguential data instead of static
data.In the following, we outline the detailed paranmestationsof those four component classes.

Transmission line thermal derating

In the publicly availabl€024 ISP data, there is aplicittransmission line thermal capacitgting is
provided. The input data of the 2024 ISP for transmission lines is their transfer capacity limit for
forward and backward power flow directiowhile severakransmission lines are constrained by their
thermal capacityyarious linesare limited byother securityand stabilityrelated constraintsSome

lines are constrained by thermal capacity in one direction but not in the other direction. Furthermor
there are seasonal transfer capacity constraints that might not be enforced by thermal capacity but
by the direction of power flow or generator commitments. To respect this information as much as
possible, while integrating transmission line thermal acipy derating, the following considerations

are applied. First, thermal capacity derating is only appiedorridorsthat are explicity limited by

the thermal capability of any components mentioned in the 2024 ISP data. Second, the base capacity
value is based on summer transfer capacity while respectirg typical summerreference
temperature of each area provided in the 2024 ISP. Third, a-geatand transfer capacity limit is
inferred from the temperature of the two buses connected by each transmission line. These
considerations are applied for every line type in the 2024 ISP.

Furthermore, thetransmission line thermal derating categorised into three main groups based on
their type, as follows:

1) direct-current subsea cable
2) direct-current underground cable
3) alternatingcurrent overhead cable

For directcurrent subsea cables, no thermal derating is applied as their capacity is not affected by
ambient temperature based on 2024 ISP data. The dreotnt underground cables are modelled
using a constant linear derating of 12.5% capacity redogtier 1 °C starting from 38 °C, following
2024 ISP data. The alternatingrrent overhead cables are modelletainly from thesteady state

heat balance modelised bythe NEMTNSB [157]. The central principle of théransmission line
derating is driven byhe physical heat balance of the conductshere Joule heating capacity falls
when ambient temperature rises, solar gain increases, or convective cooling wedkansn
overhead conductor at steady state, heat input equals heat output.

The conductor gains heat fromlectrical heatingand solar heating,whereas it loses heat from
convection to surrounding agnd radiation to the sky and ground environmerithisheat balance
equationcan be written as:

oY b 0 0 )
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where"Qlenotes thesteady state lineurrentand’Y denotes theac resistance of theonductor at
the operating point. The0d , 0 , andd denote thesolar heat gainwind convective cooling, and
radiative heat los. Rearrangindequation(l) for current gives the deterministic rating curref©

as:

0 0 0 ()

For eacHine & aset ofmesh points 0 ; are generated along a straight line between two buses. For
each timeo, "O is calculatedBy comparing the value @ of each mesh points, a transmission line
hot spot is identifiedFor different timed, the location of the hot spot of each line changes, depending
on the interaction o , 0 , andd on every mesh point of that timé For all mesheé& along linet

and timeothen we can gethe deterministic rating current at thbottleneckpoint =§(°as follows:
O iN ETO ¢ ii 3)

where "@ i, denotesthe deterministic rating current of the line based on tténate and weather
data at mesh pointx . This approach ensure that temporal and spatial granularity of climate and
weather data are utilisedThe correction factor for the transfer limit for each corridand timeois

then can be formulated as follows:

6r Er,q"oiﬁo “)

where'@ ¢ ¢ ¢ genotes the line rated capacity during typical summer days derived from data available in the
2024 ISP.

Thermal generator thermal derating

The derating of thermal generator used in tisisidy is based on the aggregaterating of direct
ambientair primemover derating coolingsource heat rejection deratingand any other thermal
derating functiongnto a singleusablecapacity function for its simplicifit58], [159] The focus of the
thermalgenerator derating is tparametristion is todetermine theusable capacity remaining at each
ambient temperature during heatwavefor given a generator's technology, cooling system, reference
capacity, and heatate parameters The usable capacity of thermal generatdRat time 0 after
heatwaveparametrigtion can be seen as follows:

Gﬁ h 6tﬁheftv')'ma| (5)

whered ; " and0 denote the available andameplat capacity respectively, whil ;< S N1t
denotes thecorrection factor of the thermal generator.

In this study, he thermal deratingmodel separates thermal generators into two modelling families.
Oncethrough cooling(OLCunits are represented using theater loop model formulation, where
usable capacity depends on intakater temperature, water availabilitgnddischargetemperature
limits. All noroncethrough (nOLC)units are represented using a linear temperatuterating
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relationshipwith their constant parametedependingon the cooling usedn this study, the thermal
generator derating due to ambient temperatuiggrouped into two groupss follows:

1) non-oncethroughcooling (hOLQystems
2) oncethroughcooling (OLGJystems.

The generalcorrection factorformula of thermal generatowith non-oncethrough cooling system
6Y:" [ lused in this stugcan be written as follows:

6nOLC T A@ | whn (6)

where| denotes thelinear derating coefficienand thew “denotes thechangein temperature from
the referencetemperature. This linear deratingnodel represents the aggregate derating fraath
componentsof the thermal generatorf-ora generator withan OLGsystem, theusable capacity dhe
thermal generator after heatwavparametrisationcan be seen as follows

0 h
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where] denotes theavailabilitycoefficient ofcoolingwater intake, usedasa proxyof water scarcity
or drought parameter if158], [159] “Y and ¥ 4,5 dente the coolingvater inlet temperatureand
the maximum allowed coolingvater outlet temperature respectively“¥ s @ad Xx ggnote the
healthy and riskinlet water coolingtemperature threshold respectively.The| denotes the linear
derating coefficient while the— denotesthe scalingterm for the collapse region. In thistudy a
shutdown behaviour can occurs due to collagseised bythe — term even though there i®o
shutdown temperatureas ahard limitfor the generator operating regionin this study, the value of
"X is glefined as

Yisk¥ut ]eBtQJ"_Y ®)

wherew Ydenotes therequired outletinlet temperature differenceThe—term in this study is calculated as
follows:

TP I Yisk¥eartBnYisk¥eal tn ©)]
1 h "\r{isk"}(ealth

Wind turbine thermal derating

Wind generation availability during a heatwave is represented as the interaction between two
constraints

1. Meteorological wind resource constraint, determined by wind speed and turbine
power curves.

2. Thermal capacity constraint, determined by ambient temperature and equipment
derating limits.
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In this study, the rateorologicalwind resource constraint is extracted from AEMO 2024 ISP traces.
For each wind turbinéQand time¢, the available power output of wind turbine after temperature

derating 0 ; " is defined as:
0 " T ED; Bs {0 (10)

whered ; and0 denote the resourcdimited output before thermal derating and rated capacity
of each wind turbinéQ Thed ;; denotes the wind turbin@er-unit correction factor This correction
factor should be applied to capacity, not directlythe resourcelimited wind output. The distinction
provided in EquatiofiL0) indicates that a thermal derating might not impact actual wind power output
if the wind turbine only generates low power due to low wind speed) @ 6 rn O .

Since historical records often correlates hot days with weak wind conditions due to heat dome
phenomenon, it is inherently in the weather profile that high ambient temperature may be less likely
to coincide with high wind power output during heat wave etv@rhis distinction supports a stronger
reliability interpretation that heatwaves can affect wind through both low wind conditions and
thermal operating limits, but these are separate mechanisms and should not be confiaiegver,

a long duration heatwaa/ might last to early evening where it meets the common time of high wind
power output, the temperatureadjusted capacity ceiling can bind and create a real reduction in
available wind output.

In this study, the value o) ; and0 are extracted from 2024 ISP, making the modelling fully
respect 2024 ISP data and traces. Whereatle for each wind turbin€éQand timeois calculated
based on derating function as defined as follows:

I,Pp8lﬁ oYY (12)
. pd&t | Y Yh Y "V Y
0 v g 1Y Yh oY Y Y
UTBh Y Y

Where"Y denotes the ambient temperature around the nacelle, the heavylbd@housing that sits

at the top of a wind turbine tower behind the blades. The wind thermal correction factor is defined
based on four piecavise linear derating regions. The temperatureundaries between regions are
defined by'Y, "Y, and”Y , whereas the linear slope of the second and third region is defined by
and| .TheO denotes thecorrection factor in théboundary betweerthe secondand thirdregiors.

It is worth mentioned that some manufactures specify that a wind turbine operates with tower base
located above 500 metre above sea level (masl) can only be operated up to the second region. In this
study, a norconservative value of tower base height un@®0 masl is selected for all sites.

Since common ambient temperature only available for &nes above thesurface temperature, a
smalladjustment isapplied to approximate the nacetielevant or turbinerelevant ambient condition
as follows:

YUY @'Y 12)

where Y andw "denotes the 2 m near surface and adjustment temperature. A common value of
w “Yor a location 100 m above ground is betwe€b3 °C t¢1.0 °Cln this studyanon-conservative
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adjustment of-1.0 °C is selectetlinder hot, dry daytime conditions, reduced evaporative cooling can
increase sensible heating near the surface, making the vertical temperature gradient steeper and
causing the 2 m to 100 m adjustment to approach the-atliabatic value of approximatet).98 °C

per 100 mExtremely hot and dry daytime conditions may produce stronger super adiabatic gradients
than-1.0 °C per 100 m, but such gradients are highly dependent on the specific event and location
[160]. Therefore, for extreme hot and dry daytime scenarios, an adjustment closé.@ °Cis
considered physically representative

Photovoltaic thermal derating

The photovoltaic thermal derating used in this study is designed to respect 2024 ISP data and traces.
The modelling is build based on the assumption that traces provided in the 2024 ISP data traces
already experience thermal derating. Thus, the modellihgaorection factor for solar traces needs

to account the realistic noderated trace and adjust it for future heatwave event. For each s@lar

h

and timeothe available power output of a solar site after temperature deratig; is defined

as:

h 5. Mg 13

Cx
%

o
py

where0 ;  denotes the solar power output trace before adjusted to future heatwave event. The
h

0 q denotes adjustment correctiofactor for solar power, and is defined as:
g 0k 14
n i AB: B
0 j
0 j

whered ; and0 ; denote the thermal correction factor of the solar module using forecast and

historical temperature traces, respectively. For solar module, the terms correction factor is
interchangeable with capacity factor as the power output of a solar module alwayseddby the
temperature of the back of the module. The general capacity factor used in this study is based on
Faiman mode]161]as follows:

_Pht ey (19
'rY '?’Y':) uao

6p P I Y
where| denotes themodule power temperature coefficient. TH¥ and”Y jdgnote the ambient and
standard test conditions (STC) temperature. The paramé¥eend™Y denote theconstant and winel
dependent heafoss coefficients, respectively, while thalenotes the wind speed at module height.
The'® |, denotes the planef-array irradiance. Its value depends on the irradiance components, solar
zenith angle, solar azimuth angle, module surface tilt, module surface azimuth, and ground albedo.
The utility-scale solafarms in theREZre modelled as singlaxistracking systems. For these systems,
the trackeraxis azimuth is optimised for eaétEZmesh location, while thenodule surfacilt and
module surfaceazimuthvary throughout thedayaccording to the tracker geometry.
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7.5.4 Parametritng a VRE drought scenario

Complementary to the identified hazards and detailed representation of the external stressor of an
extreme heatwave as described above, there may also be an increasing exposure to intrinsic-weather
related stressors in a highly weathdependent system, szifically considering extended periods of

low VRE availability162], [163] While adequacy assessments are typically based on historical
weather reference years, the response of the system to explicitly introduced stressors may be
required to understandhe exposure to risk within the system itself. Additionally, this risk may be
sensitive to imperfect storage operation and hence storage operational assumptions. Therefore,
complementary to the heatwave representation, we investigate a methodology foesepting VRE
droughts and evaluate adequacy implications in a highly weadkgendent system.

Theparametrisation of the VRE drouglg based omthe provided historical weather traced the 2024
ISPinput dataand observed low VRE availability condigowhich areparametrisedto intensifyin
duration. Specifically, to represent the impact of increasingly worse VRE droughts, we first identify the
day with the highest residual demand and then iteratively increase the number of consecutive days
that the system is exposed to these lamergy availability auditions This datadriven approach is
designed to provide a straightforward sensitivity analysis of VRE drougddslementary resilience

risk driver in an increasing enertimnited and weatherdependent system.

7.6 Case study parameteasid parametrisation impacts

7.6.1 Representing the impact of a heatwave onto generators and lines

Based on the survey of historical extrementsin Australia, one of the heatwaves occurred in 2017,
which is included in the underlying reference weather traces of the 2024 ISP. This historical heatwave
included a load shedding event in South Australia on 8 February 20102(8A. Based on the
collected data from ERADB, the peak temperature in South Australia at that time was around@6.03
then increasing to 48.27 °C and 48.76 °C on the 9 and 10 February, respegtiealyhough the 10
February 201did not result in any reported load shedding, it is recorded as the hottest day in South
Australia.

As heatwaves are projected to intensify and may present an increasingly strong external stress to the
system, we are investigating the potential impact of an extreme heatwave under 2040 conditions,
which includes increased maximum temperatures, based @nwileather forecasts in th€MIP6
ACCESSM2 dataset. To understand the potential effect of the extreme heatwave on the future
resource mix, we apply the derating parameters to the planning year 2040. Furthernefecus the
resilienceassessment to the omths of January to March to better localise and isolate the effects of
the heatwaves, while still allowing to capture implications across multiple weeks due to impacts on
storage energy levels. We simulate the systesk tinder 1500 outage samples of generator and
transmission infrastructure.

The ambient temperatureat the location of all thermal generatoracross the NEMluring the
simulated heatwave is shown kigure, aggregated by region
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Figure7.4: Ambient temperature at the location of all thermal generators across the NEM during the extreme heatwave in
2040 simulated in this resilience study.

The demand profile during 2040 underlying in this resilience study can be deiguia7.5. The NEM
wide demand peak in the critical week occurs on thé 40d 11" of February, in line with the hottest
days in the underlying temperature data.

Figure7.5: Demand traces of planning year 2040 based on the weather reference trace of 2017 with the demand level of
POE 10%, as forecasted in the 2024 ISP Step Change scenario.

The derating of the generators in the system used in the resilience study grouped by state and
generation types can be seen FKigure 7.6 and Figure 7.7, respectively.The deratingof the
transmissiorline forward and backward capacitan be seen ifigure7.8.
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