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Introduction 
Current models estimate penetration of all solar and all wind power in future (2050) Australian 
electricity grids at around 45% and 30% of energy respectively (Australian Energy Market 
Operator, 2024). This is within the range of estimates of global optimal energy mix identified by 
(Victoria et al., 2021). However, globally and in Australia, growth in wind energy has failed to keep 
up with solar PV (see Figure 1.). Major drivers of this trend are prices and regulatory environments.  

 
Figure 1. Global net new on-grid capacity by year. Data: (IRENA, 2024) 

The estimated LCOE of onshore wind and solar in 2050 are ~45-75 $/MWh and ~20-45 $/MWh 
compared to around ~60-90 $/MWh and ~40-70 $/MWh in 2023 (Graham et al., 2024, 2023). 
Notably, not only does the cost of solar have further to fall, but the proportional difference in price 
will be larger than at present. These cost trajectories suggest that solar will attract more investment 
in Australia in the medium term.  
The current Australian regulatory environment encourages faster solar deployment than wind. 
Utility installations of both wind and solar require rigorous regulatory approvals, while rooftop solar 
has no such limitation. Wind energy is constrained by a more limited selection of suitable sites. A 
survey from the Global Wind Energy Council identifies permitting timelines, social acceptance, and 
land use as three of the four most severe challenges facing wind energy’s growth in both short and 
long term (Lee and Zhao, 2024). Although recently authorised offshore wind may alter Australia’s 
situation, a lack of experience in deployment and higher upfront costs make it higher risk.  
These factors combine to suggest that a future renewable Australian energy grid may be 
substantially more dominated by solar than current models expect. If the grid is more solar 
dominated than predicted, the industry should be aware of the consequent changes required in the 
grid composition. However, traditional optimisation and modelling is not well equipped to explore 
network configurations outside of the narrowly identified techno-economic optimum. 
We utilise a non-convex energy system optimisation model to explore 100% renewable grids over 
the National Energy Market (NEM). The model has been demonstrated in Australian grids by (Lu et 
al., 2021a) and in numerous foreign grids (Cheng et al., 2022a, 2022b; Lu et al., 2021b; Silalahi et 
al., 2024; Weber et al., 2024). We use a novel space partitioning approach to comprehensively 
search the near-optimal space and perform analyses to understand the structural differences 
between high-solar and low-solar grids.  
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Modelling  
Modelling to generate alternatives (MGA) is a tool which works closely with optimisation to identify 
solutions which are near-optimal in objective terms, but diverse in implementation. A 
comprehensive analysis of near-optimal alternatives may shed light on the structural features 
required to keep solar-dominant Australian grids low-cost.  
The model, “FIRM”, simulates a long-term (10 years), high-resolution (half-hourly) energy supply-
demand balance and sizes onshore wind, and utility solar at renewable energy zones specified by 
AEMO’s ISP (Australian Energy Market Operator, 2018), as well as pumped-hydro energy storage. 
The model also includes an HVDC backbone connecting each NEM state. Further details of the 
model operational, data, and cost assumptions may be found in (Lu et al., 2021a). 
We use a space partitioning approach (Figure 2) to comprehensively search the design space. The 
code is available on GitHub. Since the model is quasi convex, the near-optimal space is 
contiguous. By splitting boxes which are near-optimal in objective function value or adjacent to a 
near-optimal box, we ensure the entire near-optimal space is sampled evenly. The tractability of 
the problem is controllable by two levers: the maximum resolution and the threshold of near-
optimality. Near-optimal points are collated and post-processed.  

 
Figure 2. Space-partitioning algorithm process 

States’ renewable energy zones were aggregated to manage computational feasibility of MGA. 
Dimensionality reduction and computational feasibility feature heavily in energy system MGA 
literature (Grochowicz et al., 2023; Neumann and Brown, 2021; Pedersen et al., 2021). The space 
partitioning approach increases the number of dimensions that can be feasibly considered and 
opens MGA to the non-linear, non-convex problem class. 
Results and discussion 
Space partitioning was performed to a maximum resolution of 1 GW of installed capacity per 
technology per state and 32 GWh of storage in sum. Near-optimality was taken to be within 2 % of 
the optimal levelised cost of electricity (LCOE), noting that a larger threshold may be more realistic 
but computationally expensive. The optimal LCOE was 78.6 $/MWh, achieved at solar and wind 
installations of 42 and 27.5 GW respectively, a solar to wind capacity ratio of 1.5 and an energy 
mix of 41 % solar, 49 % wind and 10 % hydropower. The lowest near-optimal solar to wind 
capacity ratio was 1.2 and the highest was 2.2. Total solar capacity varied between 37 and 51 GW, 
wind between 23.5 and 30.5 GW, and hydropower was fixed at existing levels of 7 GW.  
The distribution of installed capacities of renewable energy generation assets of near cost-optimal 
networks is shown in Figure 3. Notably, a very wide range of network configurations is available 

https://github.com/HThawley/FIRMalternatives/tree/NEM_mga
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within a relatively small relaxation of cost. Unsurprisingly, the distributions show that most states 
adopt higher local solar penetration in high-solar grids; however, Victoria favours lower solar 
penetration. Similarly, wind installations are lower, except for in Tasmania and Queensland.  

 
Figure 3. Distribution of installed capacities of generation in renewables energy zones and 

storage assets in states among a) 2% near-optimal network configurations, and 
b) 2% near-optimal network configurations in the top 10% of solar/wind ratio.  

Notes: Bar width is proportional to quantile. Storage energy on secondary axis. 
Interestingly, the storage energy capacity is lower for high-solar grids than all near-optimal grids. 
Superficially, this is counterintuitive as larger energy storage volumes are regularly required to 
meet evening peak and overnight demand in high-solar systems than high-wind. However, this 
suggests that high-wind systems need much larger energy storage volumes to meet longer-term 
energy droughts (“dunkelflaute”). There is little variation in the storage power requirements which 
suggests that these are constrained by peak power demand rather than by generation profile.  

 
Figure 4. Distributions of levelised cost of balancing for 2% near-optimal network 

configurations considering a) all, b) the top 10% by solar to wind ratio, and c) the bottom 
10% by solar to wind ratio  

The LCOE can be broken down further into generation and balancing (LCOG and LCOB). The 
LCOG is directly related to the energy mix and relative costs of technologies. The LCOB can be 
further broken down into levelised costs of storage, (interstate) transmission, and spillage. These 
costs are presented in figure 4. High-solar networks show a lower levelised cost of storage 
consequent to their lower storage energy capacities. Higher transmission costs reflect greater 
reliance on interstate energy trading while higher costs of losses are resultant of higher peak 
power production which cannot be entirely utilised due to constraints on storage power capacity.  
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Conclusions 
In the face of an energy transition with an uncertain future state, modelling to generate alternatives 
provides a tool and a framework to generate and investigate near-optimal network configurations. 
Specifically, due to recent trends in renewable energy deployment, the Australian energy grid may 
have significantly more solar power and less wind than is currently modelled by system planners.  
We perform a comprehensive MGA of a 100% renewable National Energy Market with interstate 
energy transmission provided by HVDC to understand the different structures required by a grid 
with higher solar penetration. We find that there is a very large design space for grids which are 
near-optimal. We find that grids with up to 25 % more solar capacity than optimal may be 
comfortably within 2 % of optimal cost. Grids with higher solar capacities may have lower energy 
storage capacity requirements but appear to require stronger interstate grid connections.  
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