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Abstract

Australia’s energy transition is creating new opportunities and challenges for the supply of reliable,
cost-effective power to large, off-grid industrial loads in remote areas such as mines and mineral
processing plants. The mining industry represents 10% of Australia’s total energy usage [1], and
approximately 35% of mines active in Australia procure or produce electricity directly on site [2],
due to factors such as mine life uncertainty. Mines that purchase energy from an independent
power producer (IPP) often sign power purchasing agreements (PPAs) that only span 10-15 years
on average, resulting in investment periods that are too short to justify the high CAPEX associated
with hybridising a brownfield stand-alone energy system. Additionally, the negotiation breakdowns
on modifying the existing IPP’s operating strategy to better integrate renewable energy and failure
to perform an accurate life span estimate of the mine’s remaining operational life are also barriers
that prevent the success of hybridising and existing baseload energy system [3].
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Figure 1: Map of major mineral deposits in Australia [4] (Left) | Map of off-grid power
stations in Australia [5] (Right)

However, the rapidly falling manufacturing costs for solar PV and BESS coupled with increasing
price uncertainties in the global fuel supply chains (see figure 2) has put the spotlight back on
hybrid renewable energy systems (HRES) as a promising investment to reduce remote power
generation costs and to help these large industrial loads (LIL) decarbonise. Many greenfield mines
in remote WA are now signing up with HRES developers to power their operations, with some
projects achieving 80% renewables penetration.
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Figure 2: AEMO forecasted new entrant build costs for the NEM [6]
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Today, the lack of tools for studying potential risks associated with investing in a hybrid energy
system with high VRE penetration remains to be the one of the biggest barriers to the
decarbonisation ambition of LILs. Since traditional energy system models used to assess the
techno-economic feasibility of stand-alone HRES are often restricted to proprietary software and
inflexible datasets, developers are thus restricted from assessing unique risk scenarios such as
varying fuel price volatility and long-duration system outages. This study’s rationale is grounded in
the urgent need for transparent, flexible modelling tools that reflect Australia’s unique cost
structures, natural resource availablity, and policy landscape to help accelerate the energy
transition in remote regions with heavy reliance on fossil fuels. Hence, an open-source techno-
economic energy system model that offers full flexibility to the modeller to stress test any risk
scenarios, while allowing them to set potential investment decision adjustments at any point within
the model horizon was developed for this purpose, utilising the Python for Power System Analysis
(PyPSA) library as the main model orchestrator.

Methodology

The developed modelling framework summarised in figure 3 adopts a capacity expansion and
dispatch optimisation approach tailored to large off-grid hybrid renewable energy systems in
Australia.
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Figure 3: Developed model framework

At its core, the model minimises the net present cost of supplying a perfectly inelastic industrial
load by co-optimising investment and operational decisions over a multi-decade horizon. The
framework integrates high-resolution weather traces for solar and wind from AEMO’s ISP weather
trace data sets [6], realistic technology lifespans from Aurecon’s technical parameters review
report [7], learning curves for capital costs from CSIRO’s GenCost [8], and fuel price projections to
capture the temporal and economic evolution of the system [9]. The model applies perfect foresight
optimisation in time blocks defined investment decision timeframes to reflect optimal long-term
planning. Key features of the model include the ability to:

I.  Quantify the trade-off between early renewables adoption versus deferred hybridisation.
Il.  Capture the impact of non-capacity related infrastructure costs such as LNG pipeline
CAPEX on optimal energy system technology choices.
lll.  Evaluate demand-side management potential by allowing for controlled load shedding.
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These features enable a comprehensive assessment of system cost drivers and risk factors,
producing results that are reproducible and transparent to industry stakeholders.

Results

Table 1 shows the energy system optimised by the model for an existing HRES at Agnew gold
mine. The actual installed capacity was only used for general reference; it is not used to study the
actual error margin of the model due to the actual system being commissioned in 2020 with older
technologies and costs.

Table 1: Model optimised generation mix for Agnew (Left) vs Actual HRES system at

Agnew (Right)

Opt. CF CF . Installed
Generator Capacity Available Actual Curtailment Generator Capacity
OCGT 14 9OMW - 26% - Engines 21IMW
Solar PV 20.6MW 21% 17% 21% Solar PV AMW
Wind 22.3MW 42% 42% 1% Wind 29MW
BESS 24.1MWh - - . BESS 13MW/4MWh
Notes:

1. Capacity Factor (CF) Actual represents total useful energy supplied to the load divided by total energy generated.

Figure 4 shows a sample dispatch profile of the PyPSA model optimised Agnew HRES, more
charts of the optimisation results can be found on the presentation or the full paper [12].
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Figure 4: Modelled dispatch profile for Agnew for 1 month in 2028

The PyPSA model was validated against HOMER Pro and yielded similar results to the HOMER
optimisation in terms of capacity, but not system cost. This was due to the HOMER software
having a different approach to how it processes multi-year cashflows. For full details of the
validation process and analysis please refer to the full paper [12]

Scenarios modelled for this study were based on an imaginary aluminium smelter in Queensland’s
Gladstone region, with electricity demand normalised at 40MW and fluctuating between 30MW and
50MW. The results from this base case have shown that long-term capacity optimisations under
current cost structures finds least-cost solutions at the medium to high renewable penetration
range, with solar PV and battery storage becoming dominant in optimal mixes even using 10-year
model horizons with today’s cost parameters, while the integration of wind still requires project
horizons longer than 15 years (table 2 shows the results of different project commissioning years
and lifespans).

Table 2: Optimised results for each combination of build year and project life

Start  Project NPC LCOE Renewables Generator Opt. CF

Year Life Fraction Capacity Actual Curtailment
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OCGT 38MW 38% -

Solar PV 48MW 24% 11%
2030 15yrs  $508M  $156/MWh 65%

Wind 40MW 36% 0%

BESS 51MWh - -

OCGT 41MW 38% -

Solar PV 59OMW 27% 3%
2030 10yrs  $455M  $178/MWh 41%

Wind IMW 37% 0%

BESS 24MWh - -

OCGT 3TMW 32% -

Solar PV 52MW 22% 17%
2039 15yrs  $449M  $139/MWh 72%

Wind 46MW 36% 0%

BESS 66MWh - -

OCGT 3TMW 37% -

Solar PV S50MW 25% 11%
2039 10yrs  $405M  $160/MWh 67%

Wind 3IOMW 37% 0%

BESS 66MWh - -

Additional scenarios that were modelled such as incorporating gas pipeline costs only eliminated
the economic case for investing in dispatchable hydrocarbon generation if the load profile is highly
variable (i.e. not a baseload demand profile), or if there is significant cost premiums associated
with fuel prices at the location of interest. Moreover, the allowance of limited load shedding was
proven to be economical under extreme weather conditions for a baseload demand profile, albeit
the savings was less than 1% in terms of overall system net present costs. The benefit of
operational flexibility was similarly more significant for highly variable load shapes. Sensitivity to
fuel price volatility revealed that heavy reliance on fossil fuels exposes remote operations to
significant cost escalation risks if fuel price uplifts in the range of 50 — 100% were applied for close
to 50% of the project life, whereas hybrid renewable energy systems could indeed stabilise long-
term energy costs for an off-grid consumer load. Please refer to the presentation for the sensitivity
impacts of other key model parameters such as CAPEX and resource availability, as well as
modelled results when not using the perfect foresight optimisation assumption.

This research demonstrated that open-source, scenario-rich techno-economic modelling can
explore viable decarbonisation pathways for Australia’s remote industrial loads, bridging a critical
gap between short-term project appraisal and strategic, risk-aware energy planning. The ability to
stress test different risk scenarios highlights the advantages of the PyPSA-based approach in
using multi-period investment optimisation to understand the impacts of different investment
decisions and timelines. Overall, the findings suggest that proactive investment in renewables,
coupled with flexible operational strategies, can deliver both cost competitiveness and emissions
reduction, supporting Australia’s broader energy transition in resource-dependent regions.

Details on how this model compares with other open source PyPSA models and how the model
may be used in other python-based modelling tools can be found in the presentation. The GitHub
repository of the model is linked under reference [11].
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