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Executive Summary 

The increasing complexity of diverse long-term uncertainties surrounding energy system 

planning requires exploring and developing innovative algorithmic and computational 

methodologies. These approaches must aim to determine infrastructure investment plans 

that are not only cost-effective and less risky but also flexible enough to cope with an 

uncertain evolution of the system.  

²ƛǘƘƛƴ ǘƘƛǎ ŎƻƴǘŜȄǘΣ ǘƘƛǎ ǎǘŀƎŜ ƻŦ ¢ƻǇƛŎ пΣ άtƭŀƴƴƛƴƎέ ƻŦ ǘƘŜ /{Lwh ς GPST research roadmap, 

explores and analyses the benefits of adaptive planning methodologies for energy systems. 

The research assesses the impacts of integrating flexible technologies in the planning 

problem, including distributed energy resources (DER) and hydrogen-related infrastructure. 

The primary focus of this project lies in identifying methods and technologies to address long-

term uncertainties, mitigate risks, promote robust investment decisions, and enhance system 

resilience against infrastructure outages and extreme events. The core objectives that have 

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

following: 

A. Analysing relevant techniques for selecting representative periods in power system 

planning studies. 

¶ A comprehensive literature review was conducted to analyse and categorise suitable 

techniques, metrics, and new practices for selecting representative periods in 

planning studies.  

¶ The survey underscored the importance of a granular temporal and spatial 

representation to appropriately value flexible technologies and the need for intra- 

and inter-day period representations to assess and determine the need for energy 

storage with increased accuracy.  

¶ It was highlighted that a suite of metrics (data-driven, economic, and operational) is 

critical for the selection ƻŦ ǊŜǇǊŜǎŜƴǘŀǘƛǾŜ ǇŜǊƛƻŘǎΣ ŀǎ ǿŜƭƭ ŀǎ ǘƻ ƛŘŜƴǘƛŦȅ ŀ άōǊŜŀƪ-

ŜǾŜƴέ ƴǳƳōŜǊ ƻŦ ǎŜƭŜŎǘŜŘ ǇŜǊƛƻŘǎ ŦǊƻƳ ǿƘƛŎƘ ƻƴƭȅ ƳŀǊƎƛƴŀƭ ŘƛŦŦŜǊŜƴŎŜǎ ƛƴ 

investment portfolios are obtained at the cost of increasing the computational 

burden.  

B. Identifying and quantifying the value of the operational flexibility that DER and hydrogen 

infrastructure could provide in deferring large-scale investments under uncertainty. 

¶ The research involved collecting data and developing analytical mathematical 

models to assess the impacts and potential benefits of the flexibility provided by 

distributed energy resources and hydrogen infrastructure on investment portfolios 

when planning under uncertainty.  

¶ Leveraging the coordination of the operation of flexible DER through a stochastic 

planning approach could effectively reduce the need for new large-scale 

infrastructure while increasing the robustness of investment portfolios across 
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multiple scenarios that consider different levels of DER integration. These findings 

underpin the tangible benefits a widespread operational coordination of DER could 

have in energy systems planning.  

¶ The orchestration of DER not only can produce economic savings for the most likely 

scenarios but also serves as a proactive means to hedge against riskier scenarios, 

significantly reducing the spread of the distribution of future uncertain costs. 

¶ Infrastructure such as pipelines and hydrogen storage can engender increased 

flexibility in integrating electricity-hydrogen systems. These allow greater 

accommodation of renewables, reducing overall costs, and even replacing or 

delaying the deployment of electricity transmission infrastructure. 

C. Modelling and assessing the potential benefits of integrated electricity-hydrogen 

infrastructure planning. 

¶ As electricity-hydrogen systems could become increasingly integrated, this research 

proposes a modelling framework, detailed in Section 4.2, to ensure accurate analysis 

of the complex interactions and trade-offs between the relevant large-scale 

infrastructures. This framework serves as a foundation for long-term planning, 

potentially avoiding the risks of over- or underestimating flexibility capabilities of 

different technologies. 

¶ Techno-economic assessments under large-scale hydrogen export scenario were 

performed to evaluate the potential role of hydrogen pipelines in providing an 

alternative means of energy transport across the system, complementing electricity 

transmission infrastructure. Under the cost and technical assumptions in this work, 

findings suggest that hydrogen pipelines are more cost effective than electricity 

transmission lines for transporting energy in the form of hydrogen for large-scale 

export, manifesting in decreased curtailment from renewable energy sources. 

¶ Hydrogen pipelines have the potential to provide operational flexibility to the system 

through potential active management of their inherent storage capability, also 

known as linepack. By buffering the variability of RES, excess renewable energy can 

be stored as linepack in the form of hydrogen in the pipelines and then utilised to 

meet hydrogen targets during periods of high demand, which provides additional 

operational benefits to the system. 

¶ Planning under uncertainty, through stochastic planning, reveals that, compared to 

a deterministic approach, proactive electricity transmission investments could be 

needed to meet increased electricity demand driven by hydrogen production. Also, 

the flexible stochastic plan highlighted reduced costs and improved hedging against 

the economic risks of the potential unfolding of the most expensive scenarios (these 

correspond to scenario paths 11, 13 and 14 which present the most transitions 

between different scenarios, for instance, transitioning from Step Change or 

Progressive Change to Hydrogen Superpower in later stages) compared to the plan 

produced with a deterministic approach. In terms of future on planning under 

uncertainty, the potential for proactive hydrogen pipeline investments needs to be 
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assessed. This requires incorporating explicit pipeline modeling within the stochastic 

framework in further developments.   

D. Quantifying the resilience benefits that flexible technologies could provide against high-

impact, low-probability events, including dunkelflaute periods and outages of generators 

and interconnectors.  

¶ Research to achieve this objective involved reviewing the definitions of low-

probability events in different systems and analysing historical data to quantify 

potential risks of infrastructure outages and weather-related events.   

¶ The value of flexible technologies like DER is further highlighted when low-

probability events are considered in planning. Orchestrated DER reduce the need to 

reinforce the grid through capital-intensive investments. 

¶ Sector coupling via hydrogen production can allow the flexibility of hydrogen storage 

infrastructure to be harnessed to store surplus renewable energy, reducing the 

dependency of the electricity system when faced with periods of high stress. These 

capabilities provide greater resilience, reducing the economic impact of various 

events and promoting proactive infrastructure investments. 

 

A. Selection of representative periods for planning studies 

Power system planners employ capacity expansion models to determine the optimal 

investment portfolios for large-scale infrastructure. In this regard, it is important to accurately 

represent the operation of power systems to avoid distorting the potential benefits and 

requirements of integrating high levels of variable renewable energy (VRE) and flexible 

technologies such as energy storage, distributed energy resources (DER), and hydrogen 

infrastructure in long-term decision-making. 

However, incorporating high-resolution operational models into long-term planning tools can 

pose significant challenges as these tools become more data-intensive and computationally 

complex. As a solution, planners employ άǊŜǇǊŜǎŜƴǘŀǘƛǾŜ ǇŜǊƛƻŘǎέΣ subsets of data (often 

covering days or weeks) intended to represent with relatively good accuracy an extended 

planning horizon with a lower computational burden. Nevertheless, defining the most 

appropriate way to select these periods remains a challenge that can be addressed in 

different ways. Recent advancements in classification, machine learning, and optimisation 

techniques offer sophisticated methods for selecting representative periods, aiming to 

increase the efficiency of planning studies. 

As part of this research, a survey was performed to analyse and categorise suitable 

techniques, metrics, and new practices for selecting representative periods in planning 

studies. The review delved into the impact of time resolution on capacity expansion models, 

particularly comparing representative operating points, days, and weeks. Following the same 

approach, metrics to evaluate the selection of representative periods were categorised into 

time-series-based, operational, and economic, which are presented in Section 2.1.2. 
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Finally, approaches followed in the literature to determine representative periods were 

reviewed. Two main research streams were identified: clustering-based classification 

algorithms (Section 2.2.2) and optimisation problems (Section 2.2.3) to approximate 

representative periods through load duration curves. In addition, a growing trend was 

identified to employ new methods based on machine learning, such as autoencoders (Section 

2.2.4).  

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

¶ The selection of representative periods aims to determine the best possible dataset 

to represent a power system's operation efficiently. Several techniques exist to help 

planners balance the necessary operational detail and the associated computational 

burden. The review also highlights that planners should actively seek the balance point 

where additional representative periods yield only marginal changes in decision-

making solutions while unnecessarily increasing computational complexity. 

¶ Capturing the value of dispatchable generation, energy storage, and other flexible 

technologies requires high temporal resolution. Representative weeks emerge as an 

adequate approach, offering both efficiency (limiting the number of time slices) and 

accuracy (preserving crucial intraday and interday operational patterns). 

¶ Deliberately incorporating representative periods that consider extreme events and 

system stress into the planning problem could reveal an increased value of the 

operational flexibility pertinent technologies could provide. Studies also show that the 

investment in large-scale transmission lines could be highly driven by a small subset 

of peak hours or high-congestion events. 

¶ A suite of metrics to assess selected representative periods ςencompassing time-

series behaviour, operational results, and economic indicatorsς could provide 

planners with richer insights compared to relying only on the aggregated load duration 

curve as a comparison approach when performing the selection of representative 

periods. 

In summary, a thorough selection of representative periods is crucial for accurate power 

system planning results. This selection should ensure that models can adequately assess the 

value of flexibility as energy systems integrate different technologies. The survey conducted 

in Section 2 emphasised the need for models with high temporal resolution to ensure more 

accurate investment decisions. It described clustering- and optimisation-based techniques for 

a more informed and effective selection of representative periods. Moreover, balancing a 

granular operational representation with a reasonable computational burden remains key to 

achieving more accurate, comprehensive, and less risky investment planning results. 

Finally, as uncertainty in energy systems is increasing, planning problems are becoming even 

more complex (e.g., stochastic optimisation). In this context, decision-makers such as the 

Australian Energy Market Operator (AEMO) need to consider the selection of a subset of 

periods that allows for an adequate representation of energy system operation to reduce 
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computational burden. Nevertheless, independent of the adopted methodology to select 

representative periods (e.g., clustering, optimisation, or machine learning), they must be 

carefully selected by employing relevant metrics such as total costs (compared to the full 

period to be represented) and net load duration curve (NLDC), as well as include temporal 

and spatial granularity, and extreme events that may have a substantial impact in the future 

development of the system, avoiding extensive input datasets that may only unlock marginal 

benefits and/or changes in investment portfolios.    

B. The impact of distributed energy resources in planning under uncertainty 

The integration and increased penetration of DER into power systems, particularly in 

Australia, is posing substantial challenges in terms of system operation and planning. One of 

the reasons for these challenges is that the decisions of deploying DER, being non-centralised, 

are subject to significant and deep uncertainties. Moreover, there is uncertainty regarding 

the capacity and location of new distributed assets (e.g., distributed energy storage, flexible 

appliances, industrial loads, among others), as shown in Figure 0.1 and Figure 0.2. Further 

open questions refer to the flexibility that DER could provide for different purposes to support 

system operation and developments, the level of DER orchestration that would be required 

to do so and the ability to achieve such levels of orchestration, and finally the costs associated 

with DER orchestrated deployment. Despite this complexity, DER clearly have great potential 

to be centrally aggregated and offer enhanced operational flexibility to the system, which 

must be carefully assessed when integrated into long-term planning studies. 

 

Figure 0.1 Trends for the deployment of distributed energy resources and expected total yearly demand in the NEM. 

Elaborated from [1]. 
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Figure 0.2 State-wide expected installed capacity of distributed energy resources in the NEM, Step Change scenario. 

Elaborated from [1]. 

In particular, the increased operational flexibility from DER expected in future scenarios is one 

of the reasons why this research seeks to determine the impact of their deployment on large-

scale infrastructure investment decisions. In particular, the operational flexibility provided by 

DER could enable enhanced energy shifting and thereby unlocking latent capacity of existing 

transmission assets, influencing investment decisions. Also, requirements for additional 

network capacity could be replaced by DER capable of performing arbitrage to supply local 

demand.  

A literature review of the current practices and approaches addressing the integration of DER 

was conducted in Section 3.1 to provide a broader understanding regarding the impacts and 

potential benefits these technologies could have on the expansion planning problem. The 

review shows that technologies capable of providing flexibility, such as distributed generation 

and storage, electric vehicles, and controllable loads, can be aggregated and coordinated to 

provide different services to the system. This flexibility could be a key enabler for integrating 

higher levels of renewable energy while supporting system operation, potentially reducing 

total expected costs. 

The increasing penetration of DER also requires appropriate planning methodologies to 

account for their impact and surrounding uncertainties to properly unlock their potential 

value. Existing approaches have shown that flexible DER can reduce or defer the need for 

transmission network investments. However, new developments should account for 

uncertainties concerning multiple parameters to avoid over- or under-estimating the impact 

of DER flexibility on investment decisions and reduce the scepticism regarding investment in 

capital-intensive large-scale assets. Examples of these uncertain parameters include demand 

growth, VRE deployment, fuel and investment costs, and DER adoption.  

To address these challenges, the work carried out in this research project outlined the 

methodological steps and data requirements for including DER in the planning problem under 

uncertainty through an approach based on stochastic optimisation and scenario trees (as 

detailed in Figure 0.3). In particular, the modelling of DER, explained in Section 3.2, aims to 

represent flexible and inflexible exchanges of power (optimised through an aggregator or as 
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fixed profiles), different services such as load shifting or load reduction (peak shaving), as well 

as physical behaviours of flexible loads through the payback effect. 

     

Figure 0.3 General approach for including DER in the planning problem under uncertainty. 

The studies conducted for this part of the research were based on data made available by the 

AEMO for its 2022 Integrated System Plan (ISP) [1], [2]. A 20-year horizon was analysed, with 

particular attention to the impact of distributed energy resources on the investment decisions 

of the expansion planning problem. The scenario tree and the corresponding deterministic 

scenarios used for this, as well as the following parts of the research, are based on the 

scenarios originally modelled by AEMO (see Figure 0.4). However, it is important to mention 

that this research aims not to directly compare with the ISP results but rather to analyse 

alternative features, methodologies, and produce valuable insights for decision makers. 

The input data considered all the existing lines across the transmission corridors and 34 

candidate transmission options from the ISP to determine the optimal portfolio of 

investments across the NEM. In addition, the parameters associated with the generation and 

storage fleet were obtained from the outcomes of the ISP [1]. In terms of representing DER 

in the planning problem, the data collection considered the deployment and expected 

capacities of non-aggregated and aggregated distributed energy storage and demand-side 

participation (DSP).  

   

Figure 0.4 Stochastic multi-stage scenario tree, deterministic scenarios and candidate options. 
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Key findings of the studies encompassing DER in planning under uncertainty highlight that the 

orchestration of DER offers significant potential to leverage the future flexibility available in 

the demand side to reduce total expected system costs up to 15%, as shown in Figure 0.5. 

This figure features the distribution system costs across multiple scenarios for two cases that 

compare the potential benefits associated to the orchestration of DER (case of non-

orchestrated versus orchestrated DER). Each dot shown in the figure corresponds to the pair 

(cost, probability) associated to each scenario under analysis (accordingly numbered in the 

figure), building the probability distribution of costs shown in the figure. 

Notably, the outcomes of the studies underscore that an increased operational flexibility from 

DER could decrease not only operational costs but also investment costs due to the 

displacement or deferral of investments in large-scale infrastructure. This change in 

investment paths is key as it can prevent the emergence of stranded assets (particularly 

transmission lines) in the system.  

 

Figure 0.5 Distribution of total costs for each scenario assessing the value of the orchestration of DER. 

Another important result of the research shows that the orchestration of DER could play a 

ǎƛƎƴƛŦƛŎŀƴǘ ǊƻƭŜ ƛƴ ƳŀƴŀƎƛƴƎ ǘƘŜ ǎȅǎǘŜƳΩǎ Ǌƛǎƪ ǇǊƻŦƛƭŜ. Notably, it significantly hedges against 

the outcomes of the worst-case scenarios in terms of their associated costs (as shown in 

Figure 0.6). The analysis underscores that even without an explicit risk metric (e.g., a measure 

of tail risk such as Conditional Value at Risk - CVaR1) in the formulation of the stochastic 

planning problem, enabling the controllability of DER could reduce the expected cost of the 

riskiest scenarios. 

 

1 The reader may refer to the final report of previous research stage (Stage #2) of Topic 4 Planning in [54], where 

an in-depth assessment of CVaR in stochastic planning was conducted.  
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Figure 0.6 Cost of the five worst-performing scenarios for each case and the corresponding CVaR-95%. 

Finally, an important conclusion regarding the impact of DER on investment plans is that when 

uncertainties are explicitly modelled (through stochastic planning), an increased value of the 

orchestration of DER could be unlocked. In this regard, the orchestration of DER provides 

more certainty and robustness for the investment paths of transmission lines. As shown in 

Figure 0.7 (b), the probability distribution of investments is significantly steadier for different 

levels of capacity investment, providing greater certainty regarding future investments. From 

another point of view, this behaviour underpins that even under an uncertain future, the 

orchestration of DER could bridge the gap between multiple unfolding scenarios, reaching a 

common path for investments in large-scale infrastructure. 

  

(a) Non-controlled DER - Stochastic (b) Controlled DER - Stochastic 

Figure 0.7 Probability distribution of investment in the capacity of transmission lines, stochastic model. 

Finally, the results of this research hold significant implications for policymakers, because 

focused policy investments have the potential to fully unlock the value of DER. By quantifying 

the potential long-term savings achievable through DER orchestration, policymakers can 

strategically allocate these savings as a budget to drive targeted policy development. This 

might include initiatives to accelerate DER deployment, orchestration infrastructure, 

advanced information and control technologies (ICT), and dedicated systems for active 

network management.  

C. The role of hydrogen infrastructure in energy system planning 
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The global and national drive towards decarbonising energy systems and achieving net-zero 

emission targets requires the emergence of clean fuels to replace emission-intensive energy 

vectors. In recent years, green hydrogen has positioned itself as a viable energy carrier in 

several parts of the world, including Australia, which is projecting substantial hydrogen 

demand for local consumption and export in its long-term planning scenarios (see Figure 0.8). 

Moreover, hydrogen not only presents an opportunity as a versatile clean fuel on its own but 

also through the benefits of the potential flexibility of its production technology for electric 

power systems due to the strong linkage between electrolysis (the process of producing 

hydrogen from electricity) and the electricity grid. 

 

Figure 0.8 Projected yearly hydrogen demand for domestic consumption and export in Australia. Elaborated from [1]. 

Although, at first glance, the provision of flexibility may not be the primary objective of the 

production of hydrogen via electrolysis, the integration of the infrastructure required for its 

production can mean a significant increase in operational flexibility of the integrated 

electricity-hydrogen system due to the opportunity to harness excess renewable energy to 

be stored in the form of hydrogen. Furthermore, hydrogen production can behave as a 

flexible electric load (enabled by short-term storage, for example in the form of tanks or via 

deploying pipeline linepack), while longer-duration storage (e.g., in the form of underground 

storage) could provide seasonal energy storage capabilities to both power and hydrogen 

systems. In this way, under a scenario of massive hydrogen demand (e.g. the Hydrogen 

{ǳǇŜǊǇƻǿŜǊ ǎŎŜƴŀǊƛƻ ƻŦ нлнн !9ahΩǎ L{t [1]), large-scale hydrogen infrastructure could be a 

potential alternative to the deployment of traditional electricity system assets such as battery 

energy storage systems (BESS) and transmission lines, but at the same time, a systemic 

challenge due to the need to significantly increase the production of clean energy and to 

enhance the capabilities of the system to accommodate renewables. 

Proper integration of hydrogen infrastructure with the electricity system to take advantage 

of the flexibility provision from the coupling sector requires careful and detailed analysis. 

These assessments must be carried out in planning models that are robust enough to consider 

these important interactions to avoid under- or over-estimating the abilities of specific 

infrastructures in providing enhanced operational flexibility. Against this background, this 
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research presents a comprehensive framework for modelling electricity-hydrogen 

infrastructure into the long-term planning problem (See Figure 0.9). This modelling allows 

performing a broad set of studies to assess the impact of the integration of hydrogen-

electricity systems and to determine investments in different types of infrastructure required 

to meet hydrogen demand targets.  

 

Figure 0.9 General structure of the integrated electricity-hydrogen planning problem. Further detail of the modelling can be 

found in Section 4.2 

The research delves into the modelling detail and data requirements for different hydrogen 

system infrastructures such as electrolysers, pipelines, and hydrogen storage systems (such 

as tanks and underground storage), providing a general understanding of a detailed but 

computationally efficient approach to adequately characterise these assets in the planning 

problem, both in terms of modelling and parameters required for an adequate assessment of 

different technologies, as exemplified in Figure 0.10 for hydrogen electrolysers and pipelines. 

  

Figure 0.10 Illustration of modelling of integrated electricity hydrogen infrastructure (pipelines and electrolysers). 

Different case studies are carried out to assess, from a techno-economic perspective, the 

impacts and flexibility of sector-coupling technologies on the planning problem. In particular, 

the studies aim to answer whether hydrogen pipelines could replace, complement, or defer 

investments in the traditional electricity transmission system and the different ways greater 

operational flexibility in hydrogen production could impact the deployment of transmission 
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infrastructure. Furthermore, this work investigates how long-term uncertainties impact 

decision-making regarding the deployment of the optimal infrastructure. To this end, two 

streams of  analysis are considered: i) regional studies in Queensland to determine the merits 

of hydrogen pipelines as additional transport and storage infrastructure options alongside 

other infrastructure options (the system model utilised for these purposes is shown in Figure 

0.11), and ii) NEM-wide studies to analyse the impact of considering long-term uncertainties 

across multiple scenarios and an increased electricity demand (for hydrogen production) on 

the deployment of electricity transmission infrastructure. 

 

Figure 0.11 System model employed for the regional case studies of electricity-hydrogen infrastructure in Queensland. 

Under the cost and technical assumptions made for this work, which are detailed in Section 

4.3, the findings of the regional case studies conducted in Queensland suggest that producing 

hydrogen locally in renewable energy zones (REZs) and transporting it via hydrogen pipelines 

to demand and large-scale hydrogen export locations is a cost-effective solution to maximise 

hydrogen exports in under the Hydrogen Superpower scenario in AEMO 2022 ISP. In 

particular, opportunity benefits up to 2.7 billion can be reached through the deployment of 

pipeline options with lengths around 300 km and diameters of 0.45 m and 0.65 m. These 

infrastructure options are typically selected by the model over electricity transmission lines 

to transport energy in the form of hydrogen from REZs to large-scale hydrogen export 

locations in Queensland (as presented in Figure 0.12). This is explained due to the relatively 

lower investment cost of hydrogen pipelines with additional installed electrolysers (to 

accommodate the extra energy required for charging the linepack) compared to electricity 

lines with additional BESS investment to meet hydrogen targets while with the storage to 

buffer the variability of RES. More information on cost analysis between hydrogen pipelines 
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and electricity lines with storage options can refer to previous works [3]. These findings 

highlight that hydrogen pipelines are more cost effective for transporting energy in the form 

of hydrogen produced in REZs to large-scale export locations, complementing the existing and 

augmented electricity infrastructures for electric load, which in a way to maximise the 

hydrogen export. Overall, these findings suggest that for the envisaged developments of 

large-scale hydrogen exports, hydrogen pipelines may merit consideration alongside 

electricity corridors to achieve an overall cost-efficient whole-system planning. 

 

Figure 0.12 Optimal investments in electricity-hydrogen infrastructure, Queensland. Years 2027, 2032, 2037. 

The operational analysis of hydrogen infrastructure also showcased the enhanced storage 

capabilities pipelines could bring to an integrated electricity-hydrogen system. As seen in 

Figure 0.13, managing the linepack in pipelines enables accommodating excess VRE by 

converting to hydrogen and storing as pressurised hydrogen in the pipeline. The linepack 

profile in Figure 0.13 shows that all three selected pipelines could accommodate up to 67 

GWh, equivalent to 14.1 hours of storage for an average hydrogen demand of 4.8 GW. The 

transport and storage capability of pipelines provides additional operational benefits to the 

system, enhancing system reliability. 

 

Figure 0.13 Profile of total aggregated linepack in the three pipelines chosen by the model. 
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Regarding the studies of integrated electricity-hydrogen under uncertainty2, the flexible 

multi-stage stochastic expansion plan provides an initial high-level assessment of the 

potential impacts and changes on the electricity transmission development path. The 

modelling considers long-term uncertainties (VRE availability, retirement of coal generation, 

DER deployment), together with an increased electricity demand due to hydrogen production 

via electrolysis. In the studies, the model decides the most optimal investment in terms of 

location and installed capacity for the electrolysis facilities to meet the hydrogen demand 

targets for export (a single system-wide demand) and local consumption (demands for each 

state). In addition, the modelling considers investments in transmission lines to analyse how 

an increased electricity demand from electrolysis could impact the deployment of 

transmission lines.  

 

Figure 0.14 Optimal investment paths for the NEM in the hydrogen superpower scenario employing the flexible multi-stage 

stochastic planning model. Case (A) does not consider the electricity demand for hydrogen; (B) includes the electricity 

demand to produce hydrogen via electrolysis. 

The results in Figure 0.14 show the decisions of investing in new transmission lines and 

building electrolysis stations when using the stochastic planning model for cases (A) without 

hydrogen production and (B) with hydrogen production (for domestic consumption and 

export). In terms of installed electrolysis stations for export, results in case (B) show that 

 

2 These studies did not consider hydrogen pipelines in the modelling (neither as existing assets nor as investment 

options) because their integration in the stochastic planning problem dramatically increases the already high 

computational complexity. This feature is currently under development by the UoM team.  
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Central North Queensland, South Australia, and Tasmania could be the locations with the 

highest renewable energy potential for their installation. This outcome stems from the 

expectation that these zones are candidates for installing considerably higher renewable 

energy capacity relative to their peak demand. Regarding the development of the electricity 

transmission system, the flexible stochastic planning model shows that due to an increased 

electricity demand for electrolysis, anticipatory, proactive investments could be required to 

meet the demand targets. In particular, as shown in Figure 0.14 , the number of transmission 

lines available in the year 2027 in all scenarios (i.e., the investment decisions made in the first 

stage, the year 2022) goes from three (adding up to 2,440 MW)  in case (A) to seven (adding 

up to 8,120 MW) in case (B). This underscores the impact an increased electricity demand 

from sector coupling could have on the early decisions made for the investments on the 

electricity system.  

However, when a deterministic model is bestowed with the consideration of hydrogen 

demand, the early development of the transmission system, even in the scenario with most 

hydrogen demand (Hydrogen Superpower scenario) appears to be underestimated 

(compared to the investments in transmission lines made using the stochastic model) to face 

a future with uncertainties, with only five lines (adding up to 6,700 MW) installed towards 

2027 (i.e., the decision made in the first stage), as shown in Figure 0.15.   

 

Figure 0.15 Optimal investment path for the NEM in the hydrogen superpower scenario employing a deterministic planning 

model. 

This underestimation in the installation of new transmission lines can be corroborated by 

testing the portfolio resulting from the deterministic model for the hydrogen superpower 

scenario against all scenarios modelled in the stochastic scenario tree. This is justified because 

the scenario tree representation of the future contains a richer and more comprehensive 

depiction of possible future scenarios. Figure 0.16 compares the costs for each scenario when 

the optimal investment portfolio for the Hydrogen Superpower scenario obtained with each 
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approach (stochastic and deterministic) is fixed to simulate the operation of all the other 

scenarios in the tree. It is important to note that the deterministic model identified an 

investment path with a $1.9 billion higher expected cost than the stochastic approach and 

with a worse performance on the scenarios with the highest cost (see the right of the 

probability distribution). This illustrates how a stochastic, uncertainty-aware planning 

approach could proactively reveal required investments and simultaneously hedge against 

the risk of the unfold of the most expensive scenarios while reducing total expected costs and 

providing a much cohesive perspective across multiple plausible futures. 

 

Figure 0.16 Cumulative probability distribution of costs when simulating all scenarios of the tree using the infrastructure 

decided for the Hydrogen Superpower scenario when using stochastic and deterministic planning. 

D. Modelling of credible outages and system resilience in planning 

The escalating threat and impact of disruptive events, particularly high-impact low-probability 

(HILP) events, weather-related events, and outages of different types of infrastructure, 

underscores the critical need to incorporate and explicitly account for these disruptions into 

long-term power system planning. Moreover, the rising frequency of credible and non-

credible incidents in energy systems demands careful assessment, recognising the 

importance of these highly stochastic events. The research carried out involves the 

application of methodologies for the incorporation of extreme events in planning under 

uncertainty through scenario trees to assess the impact of events of low likelihood on 

investment portfolios. Moreover, the research explored the options of strengthening the 

network or leveraging flexibility from different technologies (e.g., distributed energy 

resources or sector-coupling) to mitigate the impact of periods with high system stress.  

Within this context, accurately classifying power system events as "credible" or "non-

credible" poses a complex challenge with no unique approach or solution. Each system's 

unique geography, climate, and demographics influence the likelihood and impact of 

potential disruptions. A comprehensive review of approaches adopted across different 

jurisdictions, presented in Section 5.1 highlighted the importance of continuous evaluation as 

climate change intensifies. Within Australia's National Electricity Market (NEM), planned 

transmission outages can pose a non-negligible risk to maintaining continuous power transfer 

between generation and load centres. For further modelling purposes, an analysis of AEMO's 
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"Planned High Impact Outages" database, detailed in Section 5.1.2 revealed the expected 

frequency and duration of such planned outages across key interconnectors, offering valuable 

data to increase the accuracy in representing "credible" events within planning studies as 

showcased in Figure 0.17. 

 

    

Figure 0.17 Number and duration of planned high-impact outages in the NEM. Period October 2023 - September 2024. 

The studies employed a flexible methodological approach based on scenario trees to 

represent extreme events in the planning problem. The approach (summarised in Figure 0.18) 

carefully models the nature and probability of diverse events, particularly emphasising HILP 

occurrences. Extreme events are incorporated as distinct representative periods within the 

scenario tree, weighted by their likelihood of occurrence. Input data is systematically 

modified to reflect conditions such as increased demand, reduced renewable generation, or 

alterations in the system's architecture due to different infrastructure outages, as shown in 

Figure 0.19.  

 

Figure 0.18 Example of representation of different events (e.g., Maintenance of interconnectors and HILP events) through 

the multi-stage scenario tree for the stochastic planning problem. 

This modelling enables the simulation of operational stresses and disruptions such as 

interconnector outages, generator deratings and increased peak demand, facilitating a 
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comprehensive analysis of potential vulnerabilities such as network outages, congestions and 

unserved energy and the identification of proactive measures regarding deploying new 

infrastructure or leveraging flexible assets to enhance system resilience through long-term 

planning. Overall, the outcomes of such modelling can help policy makers decide which 

planning measures are the most compelling in terms of protection and reinforcement of the 

system against high impact, low probability events, outages, or other disruptions. 

 

Figure 0.19 Illustrative representation of the modelling of the impact of HILP events on demand and generation profiles 

(sourced from the ISP) in the state of Victoria, year 2027. 

Various case studies were conducted to showcase and analyse the impact of resilience 

considerations in long-term energy system planning through the methodological steps 

described. The results show how incorporating extreme events into the stochastic planning 

problem reveals the need for anticipatory reinforcements in the transmission network. Other 

cases underscore an enhanced value of distributed energy resources in mitigating the impact 

of such disruptive periods.  

   

Figure 0.20 Investment portfolios resulting from including HILP events and infrastructure outages in the planning problem. 

Additionally, greater flexibility is recognised in the investment decisions made through 

stochastic planning due to increased proactive investments, especially in determining early 
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reinforcements of interconnections (see an example of this in Figure 0.20, where the second 

row τ the case considering the impact of HILP events τ highlights the early deployment of 

transmission lines across two different scenarios, compared to the first row which only 

accounts for average operational conditions where fewer investments are deployed in the 

first stage), hedging against the risks posed by potential disruptive events in different 

scenarios, while achieving good performance on operational costs. Moreover, the investment 

flexibility provided by the stochastic portfolio generated in the first stage (which becomes 

available in 2027) allows each scenario in later stages (2032 and 2037) to develop the 

transmission system according to its needs. This highlights the ability of an uncertainty-aware 

approach to make decisions that will be appropriate for multiple future scenarios and not just 

one specific one, as is done in a deterministic approach. 

The operational coordination of DER could be a key source of flexibility for mitigating the 

economic impacts of infrastructure outages and extreme events. Through services that 

provide flexibility to the system such as energy arbitrage and peak shaving, an enhanced 

operation of the system in terms of cost could be reached. In this vein, Figure 0.21, compares 

the cost of each scenario, expected cost, and tail cost (5% worst scenarios) for two cases 

considering HILP events and different conditions on the coordination of DER. From this it is 

possible to conclude that the ability of coordinated DER to dynamically modify demand 

patterns and alleviate congestion could lead to lower expected costs across a broad set of 

scenarios and to a reduced overall risk in terms of the expected most expensive scenarios (tail 

risk).  

This result is evidenced through reductions of up to 12% in the expected costs of the 5% 

riskiest (most expensive) scenarios in cases considering infrastructure outages and HILP 

events. Moreover, the value of the DER is accentuated under these extreme conditions since 

its coordination allows a 9% reduction of the CVaR under normal conditions, increasing to 

12% when disruptive events are also considered. Thus, this ability to reduce the risk of 

increased costs for the system in the face of possible multiple scenarios could open the 

opportunity to promote policies that allow greater coordination and aggregation of DER 

through appropriate technologies to potentially reduce the investments in capital intensive 

assets that may become stranded under specific scenario paths. 
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Figure 0.21 Comparison of the impact of controllable DER on system costs. Case considering the simulation of normal 

operation and disruptive events. 

Additionally, sector coupling between electricity and hydrogen systems could be an important 

flexibility source to mitigate the impact of disruptive events. Long-duration hydrogen storage 

can act as a buffer, absorbing excess renewable generation in the form of hydrogen produced 

via electrolysis. This enables the later usage of this stored energy to supply hydrogen demand 

during periods of reduced renewable availability (Figure 0.22 illustrates this, between hours 

96 and 144 where the example unit mostly discharges hydrogen to supply demand when 

facing a period with reduced renewable output). This ability of storing energy during an 

extended period of time reduces the system's total costs even under strain, demonstrating 

its potential to bolster resilience against extreme events and periods of low renewable 

output. Furthermore, the enhanced flexibility from sector coupling facilitates strategic 

realignment of investments, allowing for proactive reinforcement of critical interconnections 

vulnerable to disruption during system stress. 

 

Figure 0.22 Illustrative example of the operation of hydrogen storage (volume stored, charging, and discharging of 

hydrogen) for a week under the Hydrogen Superpower scenario. 
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Acronyms 
AC alternating current 

AEMO Australia Energy Market Operator 

BESS battery energy storage systems 

CAISO California Independent System Operator 

CBA cost-benefit analysis 

CVaR conditional value at risk 

DER distributed energy resource 

DSM demand-side management 

FFR fast frequency response 

GB 
HHV 

Great Britain 
higher heating value 

HILP high impact and low probability  

HSC hydrogen supply chains 

HVAC high voltage alternating current 

HVDC high-voltage direct current 

ISO independent system operator 

ISP integrated system plan 

LCOE levelised cost of energy 

LWR least-worst regret 

LWWR least-worst weighted regret 

MC multiple contingency 

MILP mixed-integer linear programming 

MISO Midcontinent Independent System Operator 

NEM National Electricity Market 

NGESO National Grid Electricity System Operator 

NOA network options assessment 

NPV 
OHL 

net present value 
overhead line 

PEM proton exchange membrane 

PFR primary frequency response 

PV photovoltaic 

PtG power-to-gas 

REZ renewable energy zones 

ROCOF rate of change of frequency 

SFR secondary frequency response 

TEP transmission expansion problem 

UC unit commitment 

UHS underground hydrogen storage 

VRE 
VSC 

variable renewable energy  
voltage-source converter 
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1 Introduction 

1.1 Context 

The transition to a fully decarbonised energy system is spearheaded by the increasing uptake 

of variable renewable energy (VRE) and distributed energy resources (DER), the electrification 

of different sectors, and the large-scale adoption of low-carbon fuels such as green hydrogen. 

Developing the aforementioned technologies is a challenging task exacerbated by the 

increasing uncertainty around what and how much of each technology will connect to the 

system, as well as when and where. Energy system planners are thus faced with the task of 

striking a good compromise between the cost-effectiveness of a deeply decarbonised energy 

system and the need for ensuring day-to-day operational security, reliability, and resilience 

against high-impact low-probability (HILP) events, which are particularly challenging to model 

and capture in traditional planning methodologies. 

In this vein, one of the principal outstanding research problems that need to be addressed in 

the short term is the development of planning methodologies and tools to cope with the 

challenges associated with large-scale and long-term uncertainty. To address this, the 

University of Melbourne (UoM) elects to address several fundamental issues associated with 

¢ƻǇƛŎ пΣ άtƭŀƴƴƛƴƎέ, of the CSIRO-GPST roadmap, particularly in the context of energy systems 

integration. This project aims to examine and assess, from a techno-economic perspective, 

the impact and benefits of integrating DER, sector-coupling, and storage technologies in low-

carbon energy infrastructure planning under different sources of uncertainty. Among other 

studies, the project seeks to determine the operational flexibility value provided by DER and 

hydrogen electrolysers and infrastructure in supporting system operation and displacing or 

delaying investments in electrical infrastructure. Moreover, to deal with the inevitable 

computational challenges that emerge from modelling the complexity of the operation of 

power systems, clustering and optimisation techniques are surveyed to identify 

methodological options for selecting representative periods to use in planning and determine 

how these techniques could inform the procedures adopted by the Australian Energy Market 

Operator (AEMO) in their Integrated System Plan (ISP). 

The primary outcomes from the project illustrate how employing a multi-stage stochastic 

approach can yield flexible, adaptive investment portfolios that capture investment 

optionality compared to deterministic frameworks. In this regard, this project can support 

and inform the development of the planning approaches used by AEMO and other system 

operators (e.g., National Grid ESO in the UK), guiding and contributing to the enhancements 

ƛƴ ƻǘƘŜǊ ƧǳǊƛǎŘƛŎǘƛƻƴǎΣ ǇŀǊǘƛŎǳƭŀǊƭȅ ǿƛǘƘƛƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ ǘƘŜ Dt{¢ ŎƻƴǎƻǊǘƛǳƳΩǎ ƛƴǘŜǊƴŀǘƛƻƴŀƭ 

activities and outreach. 
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1.2 Aims and objectives 

This project aims to comprehensively represent and analyse the influence of incorporating 

operational flexibility from DER, hydrogen electrolysers and options for hydrogen 

transmission and storage infrastructure within the power system expansion planning problem 

under multiple uncertainties. The main goal is to evaluate planning strategies and the impact 

of flexible technologies in making robust and forward-thinking investments, thereby reducing 

planning risks and regrets. This provides valuable insights into the current decision-making 

processes undertaken by different stakeholders and informs the next steps in methodological 

developments in the Power System Planning sphere.  These objectives are aligned with 

Research Program 5 (Distributed energy systems) and have interactions with Research 

Program 2 (Power system operation), 3 (Reliability and resilience) and 4 (Decision-making). 

The project tasks and their alignment with the 2021 planning roadmap [4] are as follows: 

A. Analyse pertinent representative period selection (e.g., days, weeks, months, or years) 

techniques in the planning process through classification algorithms.  

B. Identify and quantify the value of the operational flexibility that different types of 

storage, demand-side (including DER), and sector-coupling (particularly hydrogen 

electrolysers) technologies could provide in displacing or delaying transmission 

investments and enhancing resilience to extreme events.  

C. Model and numerically assess the potential benefits from integrated electricity-

hydrogen infrastructure design and relevant storage options in optimal integrated 

infrastructure planning under deep, long-term uncertainty.  

D. Quantify the resilience benefits that different types of storage, DER, hydrogen 

technology and transmission infrastructure could provide against different types of 

extreme events, including dunkelflaute periods and prolonged outages of 

conventional generators and interconnectors.  

In the context of the CSIRO-GPST research roadmap[4], Figure 1.1 depicts the expected 

completion status of each relevant research activity by the end of this stage of the research 

roadmap.  

 

Figure 1.1 Expected progress for the research activities considered in the initial research plan by the end of the current 

ongoing project. 
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1.3 Research relevance and future guidelines 

!ǳǎǘǊŀƭƛŀΩǎ ǇƻǿŜǊ ǎȅǎǘŜƳ ƛǎ ŀǘ ŀ ŎǊƻǎǎǊƻŀŘǎ ǿƘŜƴ ƳŀƪƛƴƎ ŘŜŎƛǎƛƻƴǎ ŀōƻǳǘ ƴŜǿ ƛƴŦǊŀǎǘǊǳŎǘǳǊŜΦ 

Transmission is key to unlocking renewable energy zones (REZs) nationwide and transporting 

energy to load centres. However, the development of the REZs, demand growth, the fast 

uptake of different distributed energy resources, advancements in storage technologies, the 

retirement of synchronous units, and the potential to produce alternative energy carriers 

such as hydrogen, among many other elements, are subject to deep uncertainties that make 

the decision to build new large-scale assets both strategic and challenging. Making the right 

decisions regarding new network investments can yield value for the system through lower 

costs, enhanced reliability, increased resilience, and reduced renewable energy curtailment, 

which will largely offset the investment costs. On the other hand, incorrect or untimely 

decisions could lead to stranded or underutilised assets and potentially higher costs.  

This research is highly relevant to the Australian power system's ongoing transformation. By 

developing long-term stochastic planning approaches and leveraging the benefits of flexible 

technologies and investments, it has the potential to achieve significant cost reductions 

within the energy sector. Current deterministic models may underestimate flexibility 

requirements, or the impact of uncertainties surrounding infrastructure costs, causing 

increased capital or operational expenditures or even stranded assets. In contrast, stochastic 

planning promotes investments that can yield better value and anticipatory capabilities under 

a wide range of uncertain futures by explicitly modelling uncertainties regarding REZ 

development, demand patterns, technology uptake, and the growing diversity of energy 

carriers within energy systems. This anticipatory approach can minimise the risks of 

technology lock-in and ensure that infrastructure builds maximise the alignment with the 

national and worldwide energy transition goals. Such robust planning methodologies offer 

greater confidence in maintaining a secure and affordable energy supply throughout a period 

of unprecedented disruption and uncertainty, ultimately supporting Australia's position as a 

leader in the worldwide energy transition. 

Furthermore, the outcomes of this research project offer a compelling pathway to achieve 

significant system-wide cost savings for customers while ensuring continued reliability during 

the sector's transition to a low-carbon future. These benefits are anticipated to materialise 

within a medium-term timeframe (5-10 years) as new infrastructure is commissioned. The 

key lies in leveraging stochastic modelling of the future, which explicitly accounts for multiple 

long-term uncertainties inherent in renewable energy integration, evolving demand patterns 

and increasing investment costs. By embracing this approach, building a more reliable, 

resilient, and cost-effective system capable of facing the complexities and challenges of the 

energy transition and ultimately achieving net-zero emissions at minimum cost will be 

possible. 
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1.4 Report Structure 

The structure of the report is aligned with the four main tasks set for this stage of the project. 

Thus, each task (A-D) described in Section 1.2 is presented in an individual section of the 

report. Section 2 presents a comprehensive literature review of the current techniques, 

methodologies, and practices employed in the existing literature to select representative 

periods to simulate the system's operation within long-term planning studies. Section 3 

studies the impact of distributed energy resources (DER) on the expansion of power systems, 

specifically addressing the impact of flexibility provision on investment decisions and system 

costs when employing stochastic planning and addressing multiple sources of long-term 

uncertainty. Section 4 examines approaches to integrating hydrogen infrastructure planning 

as another means for providing enhanced operational flexibility to the electricity system and 

as another option to transport energy across the system, in addition to the traditional 

deployment of transmission lines. Section 5 discusses and analyses approaches to modelling 

and integrating credible and non-credible events into power system planning, with particular 

attention to the system response when facing outages of large infrastructure and extreme 

events. Section 6 summarises the report's key findings and presents the overall conclusions. 

Lastly, Section 7 presents the recommendations for the future developments of the project. 
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2 Representation of system operation 

Power system operators and planners utilise capacity expansion models to determine the 

optimal transmission, generation, and storage infrastructure configuration required to satisfy 

electricity demand within a specified geographical region. These investment decisions, which 

encompass considerations of location, size, and type of infrastructure, are inherently long-

term and are typically made annually. However, the growing integration of variable 

renewable energy (VRE) and flexible technologies has increased the need to model the 

operation of power systems with hourly resolution, as it is essential for capturing VRE 

intermittency.  

Numerous studies have underscored the critical importance of developing highly detailed 

operational models within planning tools, as it is crucial to accurately assess and extract the 

value of new investment opportunities and flexibility options, such as storage, distributed 

energy resources (DER), and hydrogen. To achieve this, detailed operational decisions, such 

as unit commitment, ramping, minimum stable generation, and economic dispatch, must be 

incorporated into capacity expansion models to comprehensively represent hourly dynamics, 

flexibility requirements and provision, and the inherent value of VRE and flexible assets. 

In addition to this short-term uncertainty, it is imperative to identify and model the sources 

of long-term uncertainty that influence the development of the power system. Changes in 

energy policy, technological advancements, and evolving business models exert substantial 

influence on power systems, leading to heightened and evolving levels of uncertainty that 

must be rigorously considered in planning studies.  

Consequently, considering all these sources of uncertainty in expansion models may result in 

complex and computationally intensive mixed-integer linear programming (MILP) problems. 

To account for this complexity, various approaches have been proposed in the literature to 

make capacity expansion models more manageable. A common practice is the adoption of 

procedures for selecting representative periods (typically spanning days or weeks). These 

representative periods are chosen from historical datasets within each year of the planning 

problem to encapsulate the entire planning horizon effectively. 

Recent developments in machine learning, classification, and optimisation techniques have 

provided new possibilities for effectively selecting and analysing data traces for planning 

studies. Moreover, in the transition towards low-carbon power systems, it has become 

imperative to incorporate data that captures phenomena such as steep ramp rates, capacity 

factors of VRE, weather-induced events, and the inherent variability and uncertainty 

associated with renewable generation and demand. 

In this context, the objective of this section is to comprehensively analyse and categorise 

suitable techniques for selecting representative periods to perform comprehensive planning 

studies that effectively capture time-dependent and uncertain behaviours of different factors 
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and variables. The classification of time series granularity, the use of metrics and other 

aspects of this section are inspired by [5], [6]. 

2.1 Model resolution in time  

The temporal resolution in capacity expansion planning models aims to represent the 

operation of a power system, accounting for both the intra-annual variability of VRE supply 

and load and the resulting flexibility requirements and relevant technical characteristics of 

dispatchable power plants.  

Historically, the load duration curve (LDC) has been widely used to represent the operation 

of power systems [7]. This approach represents the 8,760 hours as time blocks, often called 

"time slices", which account for seasonal, weekly, and daily variations. However, in systems 

with significant VRE penetration (as expected in the future), this approach fails to capture the 

variability of these resources or the contribution of storage systems, as the potential 

synergies between both technologies (such as intraday energy management) are not 

appreciated in non-chronological discrete block models [8].  

As VRE resources become increasingly integrated into power systems, it becomes imperative 

for models to account for the variability in VRE supply adequately. Failing to do so can lead to 

suboptimal or even inadequate expansion decisions. As highlighted in [9], this inadequacy 

arises because the associated costs tied to periods of VRE overproduction or underproduction 

are not adequately represented, potentially resulting in an underestimation of the system's 

need for flexibility. Moreover, different authors [9], [10] emphasise that a temporal 

representation that preserves chronology and sufficiently high resolution is a prerequisite for 

detailed modelling of techno-economic operational constraints when confronted with high 

shares of VRE. 

For instance, the economic value of a VRE source is notably high when its temporal generation 

profile aligns well with the temporal demand profile. Thus, investing in such well-aligned VRE 

sources becomes economically more rational than investing in sources that are less aligned 

with the demand profile. In this regard, geographical resolution in long-term expansion 

models is crucial in capturing the impact of VRE driven by their location, including potential 

trade-offs with the additional transmission capacity needed to accommodate increasing 

levels of VRE [11]. 

Furthermore, authors in [10] demonstrate that selecting a particular temporal resolution and 

considering unit-commitment constraints (to represent the flexibility of the installed capacity) 

in a long-term expansion planning model strongly influences long-term investments. It is 

shown that as the number of time slices is increased, the deployment of VRE and flexible 

assets (i.e., storage systems) is more favourable. Thus, models with a higher time resolution 

tend to suggest that cost-effective long-term investment decisions lie less in inflexible 

baseload generation and more in flexible assets.  
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Likewise, high or low renewable output events and their correlation across large geographic 

areas depending on the available transmission capacity, which must be fully understood to 

determine future network expansion needs. In this context, it is noteworthy that the value of 

network expansion projects (or any portfolio of projects) is not necessarily captured by many 

operational conditions but instead on those conditions where the project would indeed add 

greater value to the system, such as in extreme events or periods of high congestion. This is 

analysed by authors in [12]. The study demonstrates that a significant portion of the 

transmission value lies in a reduced set of hours throughout the year. By estimating the 

congestion value based on the product of the local marginal price differences and the power 

flow, it is concluded that approximately 40% of the value of the lines comes from the top 5% 

of hours with the highest decoupling or hours with extreme events (including natural disasters 

such as wildfires, heatwaves, or cold waves like the one in Texas in 2021) as presented in 

Figure 2.1. These results underscore the importance of carefully selecting operational points 

to capture the value of transmission accurately. 

 

Figure 2.1: Fraction of the transmission value attributable to the top 5% of the most expensive hours or extreme events. 

Years 2012-2021. Figure extracted from [12]. 

2.1.1 Impact of time resolution and granularity 

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

system modelling. These technologies require high-resolution data to accurately capture their 
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variability in models, leading to more complex calculations and the need for temporal 

representations in planning tools. Additionally, uncertainty related to demand and new 

consumption trends due to the electrification of different sectors must be addressed in 

planning models to value different technologies adequately. 

Different studies have analysed the impact of time resolution in the planning of power 

systems. For instance, it has been concluded in [13], [14] that insufficient temporal detail in 

these models can lead to overestimating the effective capacity of variable renewable 

generation. Moreover, works [15], [16] show that using a low temporal resolution led to 

overestimating the optimal investment levels in less flexible technologies and VRE sources 

while underestimating the optimal investment levels in flexible technologies.  

Additionally, [17] shows that a more granular representation leads to a more diversified 

portfolio of investments regarding dispatchable technologies. It highlights that models 

incorporating the co-optimisation of investment and operational decisions can be 

computationally intensive. Likewise, authors in [10] identify that, for their case studies, a 

subset of 2,016 slices (12 weeks) is sufficient to find accurate results. 

In this regard, three notable approaches stand out in the literature to choose demand and 

renewable generation profiles to capture the most important operational conditions for 

power system planning. These are: i) representative points, ii) representative days, and iii) 

representative weeks.  

2.1.1.1 Representative points 

The selection of representative points differs from choosing blocks in the Load Duration Curve 

(LDC). The former chooses actual operating points and assigns a weight to their annual 

representation following specific criteria. In contrast, the LDC selection generally involves 

using average values of demand and renewable profiles. However, both approaches fail to 

capture the much-needed hourly variability. 

Nonetheless, important insights from the selection of representative points are drawn by 

authors in [18]. They solved a transmission planning problem to analyse the costs associated 

with transmission investment, congestion, and losses for an increasing number of 

representative points. The results, depicted in Figure 2.2, show that investment increases 

when choosing more operating points as congestion in the network and the value of 

transmission are better captured. However, this effect saturates when including a certain 

number of points, beyond which the planning does not undergo significant modifications. 
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Figure 2.2: NPV of optimal expansion plans for different numbers of representative operating points. Figure extracted from 

[18]. 

Different criteria are applied in various case studies to select the operating points. In the case 

with 1 individual operating point, it represents the maximum demand, while the case with 2 

points includes the maximum demand and the annual average. For the other cases, the 

operating points were chosen using a selection methodology based on clustering the 

operating points according to line load levels. 

2.1.1.2 Representative days 

An alternative to selecting isolated operating points is the choice of typical days to preserve 

chronological effects in simulations, which are essential for modelling systems such as energy 

storage. There are multiple ways to choose typical days to represent planning problems.  

Authors in [19] propose the approximation of annual operation by using different numbers of 

typical days while including extreme days with higher and lower levels of the net load (load 

minus renewable generation) by using a combination of self-organising map clustering with 

other clustering techniques such as k-means.  

Moreover, in [17], the selection of representative days was explored using the Ward 

clustering method. The key findings of this work are presented in Figure 2.3, showing the 

normalised LDC and its equivalent for solar and wind generation when employing the 

proposed methodology for different numbers of typical days. It is possible to observe that 

better approximations are found when increasing representative days (10 in this case). 
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Figure 2.3:Approximation of the Load Duration Curve for (a) wind generation, (b) solar generation, and (c) electrical 

demand (real data and approximation with one, 5, and 10 representative days). Figure extracted from [17]. 

2.1.1.3 Representative weeks 

The use of typical weeks allows for a more detailed representation of renewable variability 

and energy arbitrage from storage systems than typical days. Additionally, it enables the 

evaluation of longer-duration storage system operation (days or weeks) and a better 

representation of technical constraints of slow thermal units such as those operating based 

on coal. 

In [20], authors use the net load duration curve (NLDC) to select representative weeks by 

using an optimisation approach based on minimising the least square error between the 

actual data and its approximation. Results are shown in Figure 2.4 when using one and four 

representative weeks, concluding that a system can be accurately modelled with 4 weeks. 

 

Figure 2.4: Real NLDC and its approximation considering 1 and 4 representative weeks. Figure extracted from [20]. 
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It is important to note that the selection of representative data requires the development of 

metrics to assess the performance of the different methodologies for selecting representative 

periods. These metrics are focused on comparing the approximation with the real data, with 

the objective of providing the modeller with an estimation of the error involved. Metrics 

associated with time series are crucial in this aspect, as well as the need to compare indicators 

related to the operation of the power system under analysis. 

2.1.2 Metrics for representative periods  

Selecting between representative points, typical days, or weeks is a complex task. Firstly, it 

requires defining the period ŀƭƛƎƴƛƴƎ ǿƛǘƘ ǘƘŜ ǎǘǳŘȅΩǎ ƻōƧŜŎǘƛǾŜ ŀƴŘ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ƭƛƳƛǘŀǘƛƻƴǎ 

associated with the length of the chosen period. After determining the type of representative 

period, selecting an adequate number of points, days, or weeks becomes crucial to represent 

the system as closely as possible to the real operation. Therefore, it is essential to have 

metrics to compare different time windows and the number of selected periods. This 

facilitates the decision-making process while minimising errors.  

In this context, three categories of metrics can be employed to measure the error in a reduced 

time series compared to an entire time series (e.g., a full year with hourly resolution vs a 

selection of representative weeks). 

- First, there are metrics based on time series. These metrics generally involve the LDC 

(load duration curve) or NLDC (net load duration curve), examining how effectively 

the chosen periods approximate the year.  

- Secondly, there are the operational metrics, which study the performance of some 

operational parameters of the system (e.g., the number of startups and shutdowns of 

synchronous units).  

- Finally, economic metrics provide insights into the errors between the real data and 

the simulated approximation of the selected time series. These errors can be observed 

in economic aspects such as average marginal, total, or other costs.  

The following is a more detailed description of the different metrics.  

a) Time series metrics 

Once the selection of points, days or weeks has been made, it becomes essential to quantify 

the difference or error between the selected data and the totality of the information. Existing 

literature demonstrates that the application of metrics on the LDC or NLDC reveals whether 

the different operational conditions of the system are being captured.  

The authors of [20] proposed to use the normalised root-mean-square error (NRMSE) in the 

Load duration curve (LDC), shown in Equation 2.1. This metric consists of obtaining the LDC 

and the approximated LDC ὒὈὅ. The latter can be obtained by arranging the selected 

periods in descending order, considering the fraction of the year each point/day/week 

represents.  
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Thus, this metric is calculated as the average mean square error normalised by the maximum 

and minimum demand difference. In the equation, Ὕ represents the time step (e.g., a quarter 

hour or hour), and ὖ represents the total time window being analysed (e.g., hours of the 

year). 

ὔὓὙὛὉ
ρ

ȿὖȿ

ρ
ȿὝȿ
ϽВ ὒὈὅȟ ὒὈὅȟ ɴ 

ÍÁØὒὈὅ ÍÉÎ ὒὈὅ
 ɴ ע

 

Equation 2.1 

The proposed metric was used in [21] to compare 5 selection methods: random selection (RS), 

Hybrid approach, which consists of a random selection followed by optimal weighting (HYB), 

heuristic (H), ²ŀǊŘΩǎ ƘƛŜǊŀǊŎƘƛŎŀƭ ŎƭǳǎǘŜǊƛƴƎ ŀƭƎƻǊƛǘƘƳ (CA) and a MILP optimisation model 

proposed in the paper (OPT). Figure 2.5 shows how the NRMSE decreases when the number 

of days selected for the different selection methods increases.  

 

Figure 2.5 Error in approximating the DCs for different methods and different numbers of days. Figure extracted from [21]. 

b) Operational metrics 

Traditionally, the assessment of approximation error focuses on input data through time 

series metrics. However, some metrics focus on the results of the simulations. For example, 

a metric related to the turn-on and turn-off of generation units is presented in [20]. This 

metric compares the number of start-ups for each technology when simulating a full year 

ὛὟ against the number of start-ups obtained by simulating the selected periods (ὛὟ). 

Equation 2.2 summarises the process, where Ὃ is the number of generators of the same 

technology. Finally, [20] explores the impact of including an increasing number of weeks, 

showing that the number of start-ups for OCGT and CCGT is closer to the yearly operation in 

the case of 4 weeks than when modelling only 1 week.  
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Equation 2.2 

c) Economic metrics 

Economic metrics indicate the accuracy of the selected data reflecting the system's 

operational costs. Accurately capturing generation costs is crucial for assessing future 

projects since a significant part of the analysis focuses on their impact on reducing system 

operating and failure costs. 

In [22] the impact of selecting different days with the k-means clustering method was studied. 

The authors studied the quality of the clusters with different numbers of days using the 

average operating cost, marginal cost, and start-up cost. Thus, the author calculates the error 

between the average value when using the typical days and the average values of the annual 

simulation.  

Figure 2.6 shows the average operating cost, marginal cost and total start-up cost using 

different numbers of clusters. The results highlight that increasing the number of clusters 

enhances the representation of the ǎȅǎǘŜƳΩǎ Ŏƻǎǘ. 

 

Figure 2.6 Comparison of the results of selecting different numbers of days (horizontal axis) with the values obtained from 

the annual data for average electricity cost and marginal cost metrics. Figure extracted from [22]. 

Similarly, [23] studied different clustering methods and the impact of increasing the number 

of days in the objective function. Figure 2.7 shows the objective function values for two 

distinct case studies τmaximising revenue for batteries and gas turbinesτ in the systems of 

Germany and Northern California, incorporating varying numbers of days and clustering 

methods. The figure displays the objective value considering the 365 days of the year and the 

objective value of selecting an increasing number of days. The inclusion of more 

representative days resulted in more accurate results.  
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Figure 2.7 Objective value (revenue) as a function of the number of clusters for the different clustering methods. Figure 

extracted from [23]. 

2.2 Current practices and available tools 

In long-term planning models, the time horizon is commonly represented by a sequence of 

time slices designed to capture the operational characteristics of the system. These slices 

correspond to the number of data points used to represent a specific period (days, weeks, 

months, or even years), each with a fixed time resolution that denotes the number of time 

slices per period. This approach allows for a comprehensive representation of the system's 

operation over a given year. As highlighted in [9] it is crucial to recognise that the time 

resolution, or the number of data points, is not the sole determinant of accuracy. The quality 

of the selected data and the methodology employed to choose and assign corresponding 

values are also crucial to ensure reliable results in the modelling process. 

2.2.1 Current practice in the Australian system 

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

of the system. An iterative methodology consists of approaching planning with studies that 

include different levels of operational detail, facilitating interaction between solutions from 

different studies. Thus, this approach provides the opportunity to complement operational 

studies with high detail and narrow scope (such as voltage, frequency, and other stability 

studies) with studies considering a low detail and broad scope as the long-term planning 

optimisation problems, which have fewer operational constraints [11].  

Figure 2.8 shows the ISP methodology [24]. The figure consists of six blocks that model the 

system considering different levels of detail, with various input and output data being 

delivered from one model to another. The first block is the Fixed and modelled inputs block. 

This block feeds the Capacity outlook model, which feeds the Time-sequential model. The 

final block is άOptimised generation, storage and network outlook, with costs and benefitsέ. 

The blocks mentioned so far have been developed with the support of an engineering 

assessment (red block on the right), which identifies technical constraints in the network 

through power system analysis and project evaluation. Finally, the Capacity outlook model 

and the Time-sequential model consider a feedback loop with the Gas supply model (green 

on the left), which provides the gas demand. 
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Figure 2.8 Overview of ISP modelling methodology. Figure extracted from [24] 

2.2.1.1 Capacity outlook model 

The Capacity Outlook model consists of two planning models with a long-term view and 

different hourly granularity. The model is used to plan the transmission, storage, and 

generation. This model consists of two independent models:  

1)  Single-stage Long-Term Model (SSLT) is the longest look-ahead model, considering a view 

of decades. It considers a single stage with little operational detail. The demand of this model 

is represented by mapping the days of the month using representative days or weeks, using 

the same renewable profile for the sampled days. Figure 2.9 shows an example of a two-day 

sampling for the demand of January 2030 in New South Wales [24].  

 

Figure 2.9 Example representation of a sampled load profile for NSW in 2030 [24]. 

2) Detailed Long-Term model (DLT): It has a more granular representation to capture 

renewable variability, electrolyser operation and the value of storage and other on-peak 

plants. This model has multiple sequentially optimised stages, including a chronological 
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representation of each day. Figure 2.10 shows the temporal granularity of the demand, which 

is represented by five to eight blocks of different lengths depending on the time of day. The 

blocks chosen, including the net demand (demand minus renewable generation), represent 

the renewable generation in each block in the best possible way. This approach may not 

necessarily preserve the maximum and minimum demand each day, as allocating blocks could 

lead to an averaging effect over multiple periods during these times. 

 

Figure 2.10 Example representation of fitted load blocks in NSW 2030. Figure extracted from [24]. 

2.2.1.2 Time sequential model 

This model evaluates sufficiency standards and possible generator retirements, studies the 

feasibility of generation and transmission under different conditions and looks for congestion 

and new transmission augmentations. This model is comprised of three stages:  

1) Projected system adequacy assessment: Determines the generators under maintenance 

while optimising reserve capacity over the projected period. The maintenance schedule is 

passed on to the following two phases.  

2) Medium-term program: Schedules generation for energy-limited plants in a year 

(hydroelectric, large-scale storage or emission limits). The result is a daily energy target or an 

implicit cost of generation, which is passed to the next stage to guide hourly dispatch.  

3) Short-term program: Solves the hourly (or half-hourly) system dispatch following demand 

and renewable constraints. This stage has limited foresight; depending on the model it can 

be from one day to a week. 

2.2.2 Clustering for selecting representative periods 

The most common approach in literature for the selection of representative periods is by 

performing clustering techniques over large datasets that aggregate time series that contain 

demand and VRE patterns [23]. Time-series data are grouped into similar clusters, and each 

cluster is replaced by a single representative period. In some cases, clustering is augmented 

by adding extreme periods (peak periods) that do not fit appropriately within one of the 
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clusters but whose properties can drive required investments. Including these extreme 

periods is also a key element for a reliable planning process.  

A hierarchical clustering algorithm is presented in [17] and applied to demand and VRE data. 

The model minimises the deviation between historical days and their representative value. In 

addition, correlation error and covered variability are shown to perform best when 

considering a representative day instead of the centroid of a cluster. Similarly, [25] compares 

hierarchical clustering with k-means for selecting representative days, showing that the 

former algorithm outperforms the latter when comparing the error to the entire data set. 

The work in [26] compares k-means, k-medoids and hierarchical clustering methods with both 

centroid and medoid as clustering centres to represent the operation of power system 

problems. The k-means method minimises the Euclidean distance between time series 

vectors and uses the centroid as the cluster centre. K-medoids also use the Euclidean 

distance, but instead of using the centroid as a cluster centre, use the medoid. Considering 

this, the centroid is a vector (or point) representing the average of all elements within a 

cluster (i.e., the centroid can be a άsyntheticέ vector). In contrast, the medoid is always a 

vector belonging to the clustered dataset. Authors show that centroid-based clustering 

methods represent the operational part of the optimisation problem more accurately than 

medoid-based clustering methods.  

The research in [27] extends the previous work by proposing a methodology that allows 

adjusting the weights from clustering algorithms to ensure the annual energy requirements 

are met, keeping the relationship between peak demand and the total annual energy 

consumption. The results also demonstrate the importance of carefully clustering 

representative days considering system costs and technology mix. 

Furthermore, a time-period clustering technique that retains the chronology of the time-

dependent parameters throughout the whole planning horizon is presented in [28]. It consists 

ƻŦ ²ŀǊŘΩǎ ƳŜǘƘƻŘ ŦƻǊ ŀƎƎƭƻƳŜǊŀǘƛǾŜ ƘƛŜǊŀǊŎƘƛŎŀƭ ŎƭǳǎǘŜǊƛƴƎ ǘƘŀǘ ǊŜŎǳǊǎƛǾŜƭȅ ƳŜǊƎŜǎ ǘƘŜ ǇŀƛǊ 

of clusters that minimally increases within-cluster variance. This methodology outperforms 

existing approaches regarding their average cost error with respect to a benchmark capacity 

expansion model that works with the full set of periods. 

Even though clustering algorithms have been widely developed, some of the main challenges 

lie in the increasing dimensionality, feature selection of data sets, the sensitivity to 

initialisation and parameters, and the lack of temporal dynamics, as data points are 

commonly considered independent from each other. 

2.2.3 Optimisation-based methods for selecting representative periods 

In [21], an optimisation-based approach to select representative periods is presented. It 

minimises a self-defined statistical error measure that approximates the load duration curve 

of each attribute. They additionally include ramping information by considering each 
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attribute's ramp load duration curve. Both the representative period and the associate weight 

are variables in the minimisation.  As this approach is based on NLDC, the chronology of the 

data is overlooked. 

Likewise, [20] presents a minimisation of the least squared error to select representative 

weeks that jointly characterise demand and VRE for capacity expansion problems. It is shown 

that the proposed model yields a valid approximation for unit commitment constraints 

embedded in long-term planning models. 

Another optimisation-based approach is proposed in [29]. The authors find representative 

and extreme days by formulating a mixed-integer linear program and bound the solution 

through a maximum deviation tolerance in terms of the load duration curve. Results show 

that the proposed methodology better represents typical and extreme operational 

conditions, guiding towards more efficient and reliable designs. 

An optimisation-based representative day extraction method is proposed in [30] to improve 

the capture of the intraday chronology. It ensures higher precision in preserving data 

chronology and extreme values than hierarchical clustering methods. The method captures 

the intraday and interday chronology of real data considering extreme values, using a limited 

number of representative days and time points each day (piecewise linear transitions). 

It is worth mentioning that these optimisation approaches are MILP-based, allowing high 

flexibility to incorporate user-ǎǇŜŎƛŬŎ ŎƻƴǎǘǊŀƛƴǘǎΦ IƻǿŜǾŜǊΣ this approach has the 

disadvantage that solving the resulting optimisation problem can be computationally costly 

(combinatorial problem) and could require high implementation effort. Thus, selecting 

multiple representative periods for datasets of considerable size can be challenging. 

2.2.4 Other methods used for selecting representative periods 

Aside from the clustering and optimisation approaches discussed before, recent works have 

focused on employing machine learning techniques to select representative periods as they 

allow considering multiple inputs in terms of VRE, load, and even other energy vectors, 

capturing possible spatial correlations as well.  

Authors in [31] propose a graph autoencoder for multiple time resolution energy systems 

model to capture the spatiotemporal demand patterns for electricity and gas. Graph 

Autoencoder is a type of neural network architecture designed for learning and encoding the 

structural information of graphs. Results show that the proposed method outperforms 

clustering techniques when finding representative days for a planning problem, finding higher 

shares of VRE and less adoption of gas-fired power plants. 

The work conducted in [32] underscores that one of the main challenges of clustering 

algorithms and optimisation problems is dealing with the decreasing computational efficiency 

when the dimensionality of the input data increases (e.g., an increasing uncertainty given VRE 

adoption requires modelling more scenarios, or the adoption of new technologies adds new 
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input data to the problem). To tackle this issue, the authors use neural network-based 

autoencoders to reduce the dimensionality of the input data before applying the clustering 

algorithm. The impact of incorporating such a dimensionality reduction algorithm into the 

ƳŜǘƘƻŘƻƭƻƎȅ ǘƻ ǎŜƭŜŎǘ ǊŜǇǊŜǎŜƴǘŀǘƛǾŜ ǇŜǊƛƻŘǎ ƛǎ ǉǳŀƴǘƛŬŜŘ ōȅ ŎƻƳǇŀǊƛƴƎ ǘƘŜ ǊŜǎǳƭǘǎ ƻŦ ŀ 

capacity expansion model produced by using the selected periods from the full and reduced 

dataset. 

2.3 Key insights 

This section comprehensively reviews techniques and metrics employed to select 

representative periods for power system planning models. It critically examined relevant 

practices currently employed in the literature to address the inherent trade-off between 

capturing operational detail and ensuring computational efficiency in this type of studies. Key 

insights obtained from this survey include: 

I. Increased temporal and spatial granularity are key to unlocking technological value: 

accurate valuation of dispatchable generation, energy storage, and other flexible 

technologies depend critically on high-resolution modelling of the operation of power 

systems. Oversimplified time slices or averaged temporal representations could 

neglect or misrepresent the distinct roles these technologies play during periods of 

high VRE variability or sudden system stress. Granular modelling is particularly 

important as VRE integration increases within power systems. Literature suggests that 

increasing the number of consecutive time slices could offer a higher-quality solution. 

Building on this principle, representative weeks emerge as a powerful strategy, as they 

preserve intraday and interday operational patterns. These are critical for a 

comprehensive assessment of system flexibility needs, VRE capacity factors, and the 

diverse roles of energy storage. Incorporating a subset of carefully chosen 

representative weeks also maintains a manageable computational load while 

providing realistic insights across various operational conditions. 

II. Representation of extreme events unveils system risks and the value of new 

infrastructure: including extreme and stressed periods not only exposes systemic risks 

but also underpins the value of flexible and resilient infrastructure. Studies 

demonstrate that crucial benefits, like the value derived from enhanced or increased 

transmission capacity, often materialise during a small subset of peak hours or events 

with high congestion. Planners should, therefore, deliberately incorporate these 

events into the selection of representative periods to fully assess the actual cost of 

potential disruptions and critical operational hours and properly quantify system 

reliability and resilience needs, resulting in more informed long-term investments. 

III. A suite of different metrics (see Section 2.1.2)  should ideally provide a 

comprehensive assessment of the quality of the selection of representative periods: 

the selection of representative periods is a complex task that encompasses finding an 
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adequate compromise between the right number of representative periods and its 

granularity not to lose representativity on the results and to establish an informed 

baseline for evaluating the trade-off between computational cost and modelling 

accuracy. Selecting a suite of metrics spanning different categoriesτtime-series 

behaviour, operational, and economicτ will allow planners to obtain deeper and 

more comprehensive insights beyond how well a dataset approximates aggregate 

load curves, as has been done traditionally. 

IV. A precision-efficiency break-even point in the selection of representative periods 

could be achieved: as power system models gain complexity, there is an inherent 

trend to continuously increase the number of representative periods under the 

assumption that it always translates to increased accuracy. However, extremely large 

datasets coupled with refined temporal resolution increase computational overhead. 

It is key for planners to identify the threshold where additional representative periods 

yield only marginal gains in results insights and information, as opposed to 

significantly increased computational cost and implementation complexity.  Studies 

suggest a threshold within planning applications; initially, a variable number (between 

different systems) of representative periods improves decision-making and offers 

greater accuracy for assessing new investments. However, beyond this point, the 

additional insights can substantially reduce and lead to similar investment decisions 

despite significant model complexity and size increases. 
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3 Distributed energy resources in power system 

planning under uncertainty 

This section presents the work undertaken in Task B, "Distributed Energy Resources" of this 

project. The main objective is to analyse and determine, through stochastic planning, the 

impact and value of distributed energy resources (DER) as flexible technologies on the 

decisions for the expansion of the system under a context of uncertainty. The section begins 

with a literature review that delves into the main concepts associated with DER in planning, 

the provision of flexibility and modelling approaches used in academia. Subsequently, it 

presents the input data and the modelling approach employed to develop the case studies. 

Finally, it highlights the main results, analysis, and key insights.  

3.1 Literature review 

This literature review delves into the state-of-the-art regarding the expansion planning of 

low-carbon power systems, emphasising the integration, impact, and modelling of distributed 

energy resources for planning. The topics covered in this chapter include a review of the role 

of DER in enhancing power system flexibility and the current practices and techniques for 

modelling their aggregation and controllability in planning studies.  

3.1.1 Participation of DER in power systems 

Power systems worldwide, particularly in Australia, are undergoing a significant 

transformation driven by the increasing levels of diverse devices connected to the grid [1]. 

Many of these resources are being connected to distribution systems in the form of DER 

rather than the transmission network, as has been the convention in the past. In this way, the 

increasing penetration of DER, along with technologies that enable their orchestration and 

control, is significantly impacting power system planning. As a result, new methodologies and 

tools are needed to plan the future power system infrastructure incorporating an increasing 

penetration of DER. 

DER can include a range of different devices installed to generate, store, or consume energy 

at different locations. Examples include distributed generation, electric vehicles (EVs), at-

home batteries, and smart appliances, such as schedulable air conditioning, CHP units, or 

washing machines. A particular subset of these are active DER [33], which can be dispatched 

in response to either a market signal or a change in market conditions, providing flexibility for 

the system operation. For example, an active battery located in a household can almost 

instantaneously switch between supplying electricity to the house and drawing power from 

the main grid. 
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If the flexibility of active DER can be coordinated, it has the potential to support the energy 

transition by facilitating access to a broader pool of renewable energy, supporting power 

system reliability, and reducing costs for consumers. In particular, for DER to enhance power 

system operation, centralised systems need to be in place to coordinate and control resources 

on behalf of its owners to operate as a single entity. In this vein, by enabling a centralised 

operation of flexible DER, the requirements and conditions for the operation of power 

systems and the investments required for new network infrastructure can be altered. 

3.1.2 Flexibility provision from DER 

Various sources can provide flexibility in power systems. These include both conventional and 

distributed generation, utility-scale and distributed energy storage systems (ESS), different 

types of loads (e.g., heating, cooling and electric vehicles), and network infrastructure and 

interconnections. Additionally, flexibility can be derived from the interaction between power 

systems and other energy sectors facilitated by various energy carriers. Figure 3.1 offers a 

comprehensive visualisation of these flexibility sources and their relationships, specifically as 

relevant to the scope of this work.  

Figure 3.1 Flexibility sources in power systems. 

As the number of new devices being connected to the distribution systems in the form of DER 

grows, the demand side has significant potential to contribute with enhanced flexibility to 

power systems. While DER have several benefits for individual customers, from a system 

perspective, they also have the potential to be aggregated together and leveraged to provide 

flexibility services at the local and bulk power system levels [34]. From responding quickly to 
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reductions in supply to following price signals to adapt demand profiles, the orchestration of 

loads and devices through aggregators can provide new levels of operational flexibility for the 

operation of power systems. 

The orchestration of distributed energy resources is mainly carried out through aggregators, 

entities that can participate in various electricity markets by providing services to the power 

system [35]. The primary goal of the aggregation is to enable a group of diverse resources 

(consumers, producers, prosumers, or any combination thereof) to appear to a system or a 

market operator as a single, unified entity [36]. 

Aggregators establish contracts with individual demand-side participants (residential, 

commercial, and industrial customers) and aggregate their devices to operate as a single unit 

to provide network services. These aggregated pools often comprise a mix of different types 

of loads and devices (e.g., distributed storage and generation) to maximise their ability to 

provide flexibility to the system and generate revenues from it. 

Figure 3.2 illustrates aggregators' core components and structure, which comprise a blend of 

centralised and decentralised control and IT systems. Data related to weather forecasts, 

wholesale electricity prices, and overall power supply and consumption trends are processed 

and shared through communication networks to optimise the operation of the dispatchable 

DER associated with the aggregator [37]. 

 

Figure 3.2 General schema of aggregators in power systems. 

In response to the growing penetration of DER and to capitalise on the potential benefits that 

their aggregation and flexibility offer to the system, two main aggregation frameworks have 
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emerged to foster the participation of the DER in electricity markets: demand response 

programs and virtual power plants (VPP) schemes. Both frameworks utilise advanced control 

and communication technologies to enhance the controllability and visibility of multiple 

electric devices within the power grid, such as distributed batteries and electric vehicles (EVs). 

Demand response programs enable the management of various controllable and schedulable 

loads through various customer incentives. Load reduction and shifting are services that can 

be provided through these programs, with the primary objective of modifying the usage 

patterns of electrical loads of different types. Typical applications include domestic appliances 

and commercial or industrial facilities, where optimising usage patterns can reduce energy 

production and utilisation costs, enhance system reliability, and improve the grid's hosting 

capacity. 

Virtual power plants are (virtual or physical) networks that aggregate decentralised 

generation units, storage systems and flexible loads. VPPs optimise the aggregation of 

distributed resources across vast areas by employing data-driven techniques and information 

and communication technologies (ICTs). They also participate in multiple markets, such as 

wholesale energy and frequency ancillary services, to provide various network services  [38], 

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

demand response services. 

Therefore, distributed energy resources, particularly those with aggregation capabilities, 

present a significant opportunity for power system operation in both technical (security and 

reliability) and economic terms. Moreover, these operational benefits hold the potential to 

translate into changes in the transmission investment stages, primarily by targeting the 

reduction of investments in transmission redundancy or reinforcements, thereby minimising 

the potential risks of stranded assets. 

3.1.3 DER modelling and impact on power system expansion planning 

As introduced in the previous section, the rapid expansion of DER deployment presents 

significant opportunities for enhancing power system flexibility. This trend requires a shift in 

expansion planning models, as they must now account for DER alongside traditional 

dispatchable resources. Developing new planning frameworks at the transmission level is 

crucial to assess the impact of large-scale DER deployment at the distribution level and its 

subsequent implications for transmission grid expansion requirements. 

In particular, [40] points out the potential impact of DER technologies in the future 

development of power systems, highlighting that their inclusion within the expansion 

planning tasks will result in changes in the optimal portfolios for grid-scale assets like 

transmission lines. Responding to this need, various studies have proposed diverse models 

and analysed the impact of incorporating DER technologies into long-term planning 

frameworks. 



                                                                                        Topic 4 ς Planning FINAL REPORT, June 2024 

 51 

Using two-stage stochastic models, the authors in [41], [42] explore the impact of demand-

side participation on system planning. Their models co-optimise investments in transmission, 

storage, and generation with the allocation of demand response and reserves while 

leveraging Conditional Value-at-Risk (CVaR) as a risk assessment metric under various 

scenarios. The findings reveal that load shifting facilitates a higher investment of VRE and 

enhances operational flexibility under risk-averse conditions by reducing total costs. Notably, 

risk-averse decision-makers value flexible technologies. Still, their impact is non-linear, 

leading to investments in utility-scale assets, particularly when flexibility is readily available 

at a low cost. 

In [43], a two-stage model employing distributionally robust optimisation is proposed to 

analyse the impact of integrating active DER into the expansion planning problem. The 

proposed framework leverages DER, particularly through aggregator modelling, to schedule 

corrective control services (load increase, load reduction and load shifting) in response to 

uncertainties arising from various contingencies. The results demonstrate that the increased 

flexibility provided by DER enables the utilisation of latent capacity in existing transmission 

assets, thereby deferring the need for new investments. Additionally, in [44], the model is 

further used to highlight the advantages of DER in mitigating the impact of HILP events, like 

earthquakes, ultimately reducing the need for network reinforcements. 

The impact of smart charging schemes for EVs in the expansion planning problem is studied 

through a deterministic model applied to the Chilean power system in [45]. The analysis 

highlights that higher EV penetration encourages investments in solar generation due to the 

additional system flexibility provided. This increased flexibility allows for reducing peak load 

by spreading charging requirements throughout early morning and mid-day. 

Regarding distributed generation (DG), various studies [46], [47] have investigated the impact 

of incorporating DG as an active resource in the distribution planning problem. Their findings 

demonstrate that DG can defer line reinforcements in distribution networks, depending on 

its size, location, and type. However, these studies do not assess the impact of DG inclusion 

on transmission expansion planning. In [48], the effects of DG are studied through an AC 

optimal power flow in the transmission network of Queensland, Australia. The research 

concluded that distributed photovoltaics substantially affect transmission deferral more than 

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

In [49], the authors show evidence that distributed generation alone has a limited effect on 

deferring transmission investments. They propose that distributed generation must be 

complemented by flexible resources like storage or demand response programs to reduce or 

delay investments in utility-scale assets significantly. This highlights the potential of diverse, 

active DER deployments to enhance the temporal capabilities of distributed generation for 

producing and storing energy, thereby altering the need for new transmission network 

investments. 



                                                                                        Topic 4 ς Planning FINAL REPORT, June 2024 

 52 

The modelling and impact of DER in power system expansion planning is further studied in 

[50] through a deterministic bi-level model. This study presents a framework for the TSO-DSO 

coordination to quantify the value and impact of local flexibility services offered by microgrids 

in the expansion and operation of the system. The results demonstrate a shift in investment 

plans, reducing investment and operational costs by utilising DER flexibility services. 

While the reviewed works contribute significantly to modelling, evaluating, and 

demonstrating the impact of incorporating active DER into the planning process, they fall 

short of simulating a planning process over a more granular time representation required for 

this task (i.e., more representative days and more epochs). This is particularly concerning, 

given the extended lead times of transmission lines and the need to understand the impact 

of different storage durations. 

Furthermore, power system planning processes are inherently susceptible to diverse 

uncertainties, encompassing demand growth, variable renewable energy (VRE) deployment, 

fuel and investment costs, and, most recently, the retirement of coal generation units [51]. 

Under such conditions, utilising existing models in the literature can lead to suboptimal 

decisions due to limitations in long-term modelling capabilities and the lack of robust 

uncertainty management strategies. 

Moreover, DER are evolving technologies that are subject to long-term uncertainties related 

to their deployment and coordination. This necessitates employing models capable of 

anticipating diverse trajectories associated with their development over a long time horizon. 

This would enable more accurate quantification of their impact on the investment dynamics 

of other power system assets like utility-scale storage and transmission lines, both in the short 

and long term, thus minimising the risk of investment inefficiencies. 

3.2 Modelling Overview 

This section briefly describes the theoretical background of the stochastic expansion planning 

model used for the development of this project, with a particular emphasis on the modelling 

carried out to include DER as an active flexibility source. For further detail of the mathematical 

modelling employed, the readers are referred to [52], [53]. 

In the context of stochastic planning, the uncertain parameters (e.g., load, renewable energy 

capacity, coal unit retirements, investment and fuel costs) in the expansion model are 

depicted through a scenario tree. This tree captures the variables' uncertainty while 

maintaining the system's relevant interactions. The tree's nodes are organised into epochs, 

such as different years in the planning period, as illustrated in Figure 3.3. This illustrative 

example for a scenario tree shows three scenarios with nodes covering the operation from 

start to finish of the horizon. Further details and a thorough explanation regarding the logic 

associated with the scenario tree used for the stochastic planning methodology can be found 

in the work done in the previous research stage [54]. 
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Figure 3.3 Scenario tree representing three yearly stages through six nodes, each containing three representative weeks. 

(PX-Y means period Y representing the operation in node X). 

Figure 3.4 depicts the general structure of the expansion planning model. The optimisation 

problem aims to minimise the total expected costs associated with the investment and 

operation decisions made in each node of the scenario tree. These costs are discounted from 

the year associated with each node to a reference year using a given rate of return. Also, since 

the approach considers expected cost minimisation, each node is weighted by its probability 

of occurrence. The system operational component of the total costs also includes the cost of 

not serving energy to the customers at any given period, which in the context of this study is 

valued at the current market price cap for the National Electricity Market.  

 

Figure 3.4 General structure of the stochastic expansion planning problem. 

The objective function of the model adds up all the investment and operation costs of the set 

of nodes in the scenario tree (and associated representative weeks).  Furthermore, the model 

imposes a set of constraints for investment and operational decisions, which include: 
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¶ Investment constraints: these include the so-called non-anticipativity constraints, 

which guarantee that an investment made at a certain node in the scenario tree will 

be present in the subsequent nodes connected to said node. These constraints also 

include the potential rules of investment across the portfolio of options, for instance, 

mutually exclusive investment options, investment options that must follow another 

investment option, or investment options that must be built simultaneously.  

¶ Power system constraints: these correspond to all the constraints associated with 

power system operation, including energy balances, reserve provision, power flow, 

transmission limits, etc.  

¶ Unit-commitment constraints: the operation of conventional units in the system is 

limited by their technical characteristics, such as ramping limits, minimum stable 

generation, start-up times, etc. 

3.2.1 DER modelling for expansion planning 

For the development of this stage of the project, an analytical model capable of representing 

diverse DER technologies was incorporated into the stochastic expansion problem (detailed 

in Figure 3.3). This modelling approach allows for representing flexible power exchanges of 

aggregated DER (centrally controlled through a VPP or demand responseΣ ƛΦŜΦΣ ŀƴ άƻǇǘƛƳƛǎŜŘέ 

operation offering energy arbitrage and load shifting services, respectively) and inflexible 

(market-independent) power exchanges of non-aggregated DER. When a DER is called 

άƛƴŦƭŜȄƛōƭŜέ ƻǊ άƴƻƴ-ŎƻƴǘǊƻƭƭŀōƭŜέΣ ǘƘŜ ƳƻŘŜƭ ǊŜŎŜƛǾŜǎ ŦƛȄŜŘ ǇǊƻŦƛƭŜǎ (based ƻƴ !9ahΩǎ L{t 

traces data3) that cannot leverage the operational flexibility from these technologies (i.e., the 

operation of the DER is not optimised). 

 

Figure 3.5 Structure of the DER modelling within the stochastic expansion planning problem. 

 

3 The traces data corresponds to the profiles (demand, PV and wind outputs, energy storage, among others) 

employed by AEMO as relevant inputs to carry out the simulations for the Integrated System Plan (ISP). The data 

is publicly available for download in https://aemo.com.au/energy-systems/major-publications/integrated-

system-plan-isp/2022-integrated-system-plan-isp/2022-isp-inputs-assumptions-and-scenarios. For the 

purposes the research presented in this report, all the data employed has been sourced from the files available 

in the mentioned website.  
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The different studies on expansion planning presented in this report use the information 

presented in the 2022 Integrated System Plan (ISP) [1]. Even though the stochastic expansion 

planning methodology presented in this project is fundamentally different from the ISP, the 

presented model incorporates the input data from its outcomes. Thus, the following section 

presents the data used in the case study applications along with the description of the 

representation of the future and uncertainties. 

3.3 Case study input data 

This section describes the system model and the scenarios employed in the case study 

applications associated with Task B, ά5ƛǎǘǊƛōǳǘŜŘ 9ƴŜǊƎȅ wŜǎƻǳǊŎŜǎέ of the project. Key trends 

of the scenarios, like the generation and storage fleet, adoption of DER, and retirements of 

coal-fired power plants, are also detailed. Subsequently, the section delves into the scenario 

tree designed for the proposed stochastic model and describes the case study applications. 

The system model utilised for the case study applications of this work is detailed in Figure 3.6, 

showing the estimated installed capacity by 2022 in the NEM for different technologies as 

well as the flow paths with existing and candidate investment options for transmission. This 

10-subregion system model results from the outcomes of the Inputs, Assumptions and 

Scenarios database associated with the 2022 ISP [1], [2]. Part of the data used for the 

purposes of this work was obtained from the results of the optimal development path found 

in the 2022 ISP, which corresponds to candidate development path number 12. 

 

Figure 3.6 NEM system subregions and flow paths with candidate investment options modelled for the conducted studies. 
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The transmission network in the system model presented in Figure 3.6 considers 11 existing 

links between the subregions, whose power transfer capacities are detailed in Table 3.1. The 

list also includes the Project EnergyConnect, which is under development but is expected to 

start operations in 2026. Following the approach from the ISP [1], Kirchoff's voltage law is not 

modelled, which is generally not an issue, as the network is mainly radial, except for the loop 

between SA, NSW and VIC. This approximation might affect the valuation of investment 

options between NSW and VIC. 

Table 3.1 Characteristics of existing and expected transmission lines. 

Transmission line Region A Region B 
Transfer limit (MW) 

A to B B to A 

CNQ->GG CNQ GG 1050 1100 

SQ->CNQ SQ CNQ 1000 2100 

QNI NNSW SQ 745 1170 

Terranora NNSW SQ 50 200 

CNSW->NNSW CNSW NNSW 910 1025 

CNSW->SNW CNSW SNW 7625 6125 

SNSW->CNSW SNSW CNSW 2950 2590 

VNI VIC SNSW 1000 400 

Heywood VIC SA 650 650 

Murraylink VIC SA 220 200 

Basslink TAS VIC 478 478 

Project EnergyConnect SNSW SA 800 800 

As AEMO does, the system model includes four types of existing storage systems: behind-the-

meter storage, coordinated distributed storage, battery storage systems (BESS) and pumped-

hydro storage systems (PS) with different charging depths. The effect of behind-the-meter 

storage is included in the demand profiles. Controllable distributed storage is handled 

through an aggregator as a virtual power plant (VPP) with dispatchable capacity only to 

perform arbitrage in the system (i.e., no provision of frequency response).  

Regarding the specific detail on the data management for distributed storage (behind-the-

meter and controllable distributed storage), two modelling options are considered: (1) non 

controllable storage (behind-the-meter). This is based on the "Embedded Energy Storage" 

from the IASR [2]. (2) controllable distributed storage, which is based on the "Aggregated 

Energy Storage" from the IASR [2]. For the case studies, when DER can be controllable, the 

total "Embedded Energy Storageέ ƛǎ split between the "non-aggregated" (modelled as a fixed 
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profile) and the "aggregated" (modelled as an optimised VPP4 ). When DER are not 

controllable, all the operation is considered as "behind-the-meter" (fixed). 

Utility-scale storage is organised into three categories depending on the duration: shallow, 

medium, and deep. Shallow storage is considered to last less than 4 hours, medium storage 

covers between 4 and 12 hours, and deep storage considers every unit above 12 hours of 

storage capacity. For existing and new BESS, the round-trip efficiency is considered 82% and 

72% for PS. Table 3.2 summarises the existing utility-scale storage units in the system 

considered for the case study applications of this work in the Step Change scenario. It is 

important to remark that the total optimal dispatchable storage, as well as generation 

capacity identified by AEMO in the 2022 ISP, is included in the developed model as an input 

parameter. 

Table 3.2 Characteristics of existing utility-scale storage units. 

Unit name Tech. Region 
Available capacity (MW) Round-trip 

efficiency 
Duration (hr) 

2022 2037 

Deep QLD PS SQ 0 1300 72% 24 

Medium QLD BESS SQ 570 1600 84% 10 

Shallow QLD BESS CNSW 100 100 84% 1.5 

Deep NSW PS CNSW 160 660 72% 38 

Medium NSW BESS CNSW 80 2100 84% 8 

Shallow NSW BESS CNSW 50 50 84% 1.5 

Snowy 2.0 PS CNSW 0 2040 72% 175 

Deep VIC PS VIC 0 720 72% 24 

Medium VIC BESS VIC 0 580 84% 8 

Shallow VIC BESS VIC 124 380 84% 1.5 

Medium SA BESS SA 0 3100 84% 8 

Shallow SA BESS SA 470 470 84% 1 

Deep TAS PS TAS 0 500 72% 22 

Medium TAS BESS TAS - - - - 

       

The existing generation units are grouped into clusters of equivalent generators per 

technology to increase the computational efficiency of the model while maintaining a good 

operational resolution [55] (for further detail on the clusters employed to represent the 

 

4 The optimised (operation of the) VPP provides active energy arbitrage services to the system as well as demand 

response, in this case, in the form of load shifting. This optimised operation aims to operate offering the major 

capacity of the services (dispatching storage or reducing load) when the grid is most constrained, potentially 

increasing the revenues of the VPP due to hypothetically higher marginal costs. In particular, the interaction 

with the investment modelling is that the operation of these flexibility services would allow reducing the 

demand in peak hours in certain buses (depending on the capacity of arbitrage/shifting available). Given that 

the peak demand is an important factor that drives new transmission investments, the ability of the operation 

of the VPP to reduce the strain in the grid would defer or displace new investments. 
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generation units, see Section 3.3.1 in [54]). Table 3.3 presents the techno-economic 

parameters of the synchronous units for 2022. Figure 3.7 shows the evolution of coal units' 

retirements by scenario. To properly represent the retirements of coal-based generators, the 

generation clusters that include coal units are modified depending on the specific changes in 

the generation fleet described in the ODP found in the ISP. 

Table 3.3 Characteristics of existing synchronous generators 

Technology Coal Hydro OCGT CCGT Diesel 

Number of units 48 104 85 19 22 

Variable cost ($/MWh) 13-30 7.5 117-181 64-100 127-478 

Start-up costs (k$) 27-57 - 0.4-6.5 12-46 - 

Rated Power (MW) 280-744 15-144 33-219 48-385 31-114 

Forced outage rate (p.u.) 0.76-0.86 0.97 0.93-0.94 0.95 0.93 

Minimum Stable Generation (MW) 110-330 3-29 11-72 20-190 6-22 

Ramp rate (MW/min) 4-8 - 3-7 2-11 1 

Inertia constant (s) 4 2.5 4 4 4 

Min up time (h) 8-16 - - 4-6 - 

Non-synchronous generation is split into large-scale wind, large-scale solar PV, and 

distributed PV, represented as a single unit in each subregion of the system model. The 

capacity of these units changes in time to reflect the growth of the installed capacity. To 

access the most accurate information about the demand in the system, distributed PV is 

modelled as a separate generation unit, hence avoiding the need to subtract it from the 

demand in each subregion. Reference installed capacity for each technology and scenario is 

also obtained from the outcomes of the 2022 ISP [1]. 

 

Figure 3.7 Coal-fired capacity retirements by scenario. Elaborated from [1]. 

To address frequency security, the model allocates primary and secondary frequency 

responses. The aim is to maintain a quasi-steady state frequency (QSSF) of 49.5 Hz during low-

frequency events, using secondary response to return frequency within the allowable dead 

band (above 49.85 Hz). 

Hourly demand data for the model is sourced from the database associated with [56]. The 

information is used to run the model considering hourly periods. This case study application 
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uses a 10% probability of exceedance (POE) demand scenario. As stated earlier, these demand 

traces incorporate the impact of behind-the-meter storage under varied demand conditions. 

3.3.1 Operational data selection 

To ensure efficient computation time and preserve operational detail, each year under 

analysis is represented by a subset of representative weeks with hourly resolution. This 

strategy balances between simulating and representing full annual cycles and maintaining a 

manageable computational load [17], [21]. Additionally, this approach reduces the burden of 

simulating all 52 weeks while capturing key system dynamics, such as the benefits of flexible 

technologies or the hourly variability of demand and VRE, as previously discussed in Section 

2. Operational decisions within each representative week are modelled with hourly 

resolution, resulting in 168 periods per week within each scenario tree node. 

These representative weeks are selected from the 52 available in a year, encompassing a 

diversity of demand profiles and renewable generation conditions, capturing both peak and 

average periods at both system and state levels. The number of representative weeks can be 

scaled according to the specific study requirements and available resources. A comprehensive 

list of the weeks chosen for each node of the scenario tree is provided in Appendix A: 

Representation of operation. For further insights, section IV delves into the impact of more 

stretched operational periods on the planning problem. 

3.3.2 DER adoption 

The growing adoption of controllable distributed energy resources (DER) is a transformative 

trend shaping energy systems worldwide and of particular importance in the Australian NEM. 

Beyond the traditional large-scale transmission, generation, and storage assets, the NEM is 

progressively incorporating higher levels of controllable distributed energy resources, which 

are estimated to have a high penetration in the medium to long term. Given this projected 

high participation of DER in the system, proper consideration and modelling of these 

resources are crucial for current and future expansion planning studies. In particular, for this 

study, we incorporate the evolving projections of these resources over the studied period, 

using state-by-state forecasts for DER (distributed storage and demand response) from the 

2022 ISP [1]  (summarised in Figure 3.8). 
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Figure 3.8 wŜƎƛƻƴŀƭ ŘƛǎŀƎƎǊŜƎŀǘƛƻƴ ƻŦ ƳŀȄƛƳǳƳ ŀǾŀƛƭŀōƭŜ ŎŀǇŀŎƛǘƛŜǎ ŀƴŘ ŘǳǊŀǘƛƻƴ ƻŦ ǘƘŜ ǎǘǳŘƛŜŘ ŦƭŜȄƛōƭŜ 59w ŦƻǊ !9ahΩǎ 

Step Change scenario. 

3.3.3 Investment options 

Investment options for the case study applications include transmission lines and utility-scale 

BESS. Investment-related cash flows (annuities, discounting, etc.) are calculated using a 10% 

capital cost. The model allows including investments in real transmission options. Thus, the 

transmission investment candidates are the projects considered in the 2022 ISP. Additionally, 

the model provides the option to restrict the investment in specific projects due to the 

requirement of the existence of another. In this way, the portfolio of candidate options 

considers mutually exclusive and must-follow options (for further detail regarding this 

restriction, see Section 3.3.2 in [54]). 

Table 3.4 summarises the parameters for candidates to reinforce the transmission network. 

For the sake of simplicity, all reinforcement options consider a lifetime of 50 years and a lead 

time of 5 years (the time elapsed between the moment the investment is decided and the 

moment the asset starts operating). The investment costs presented in Table 3.4 correspond 

to the overnight capital costs, and it is assumed that these costs will not vary in the future. 

For a comprehensive breakdown of individual transmission line options, please refer to Table 

B.0.1. 

Table 3.4 Parameter of candidate transmission lines. 

Region A Region B Nº options 
Transfer limit (MW) Inv. Cost 

(M$/MW) A to B B to A 

CNQ GG 1 550 500 0.74 

SQ CNQ 3 0-1500 300-1500 0.18-1.08 

NNSW SQ 3 550-1800 800-2000 0.48-1.56 

CNSW NNSW 11 585-2750 470-2750 0.18-2.72 

CNSW SNW 6 600-5000 0-5000 0.18-3.76 

SNSW CNSW 3 2000-2200 2000-2200 0.48-1.51 

VIC SNSW 5 1930-2000 1500-2000 1.16-1.52 

TAS VIC 2 750 750 1.87-3.17 

Some case studies for this Task also consider additional investment in energy storage systems 

(BESS). To maintain the tractability of the optimisation problem and understand the impact 












































































































































































































































