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Abstract 

Decarbonising Australia's remote mining operations requires innovative energy solutions that maintain 

operational reliability whilst reducing carbon emissions. We present Py-Microgrid, an open-source framework 

for optimising hybrid microgrid systems that integrate renewable energy sources with conventional generation. 

Our tool addresses critical limitations in existing commercial software by providing transparent optimisation 

algorithms and customisable dispatch strategies. We validated Py-Microgrid against industry-standard 

HOMER software across 135 Australian copper deposit locations, demonstrating superior economic 

performance with Levelised Cost of Electricity (LCOE) values of 0.20-0.33 $/kWh compared to HOMER's 

0.24-0.40 $/kWh range. Predictive Dispatch combined with demand-side flexibility achieved renewable 

energy fractions approaching 90% with competitive economics below 0.20 $/kWh. Our results demonstrate 

carbon emission reductions of 40-85% compared to diesel-only systems, highlighting significant potential for 

sustainable mining operations. 

1. Introduction 

Australia's mining sector faces increasing pressure to reduce carbon emissions whilst maintaining reliable 

power supply for remote operations. Critical minerals mining, essential for global clean energy transitions 

[1,2], presents unique challenges in balancing environmental sustainability with operational requirements [3]. 

Traditional diesel generators in remote locations generate substantial carbon emissions and expose operations 

to fuel price volatility, creating urgency for sustainable alternatives as Australia pursues net-zero emissions by 

2050 [4]. 

Hybrid microgrids present viable solutions by combining renewable energy sources with conventional 

generation systems [5,6]. These systems can operate independently from main electricity grids whilst 

providing continuous power supply crucial for mining processes [7]. However, existing simulation tools 

impose significant limitations. Commercial software like HOMER functions as proprietary "black box" 

systems where optimisation algorithms remain inaccessible [8], which restricts customisation for specific 

applications and preventing methodology validation. 

Current open-source alternatives lack comprehensive optimisation capabilities and advanced dispatch 

strategies required for effective hybrid system design [9,10]. We developed Py-Microgrid to address these 

limitations. Py-Microgrid is an open-source framework  that enables transparent optimisation of hybrid 

microgrid systems with various dispatch strategies and demand-side flexibility features [11]. Our approach 

demonstrates how advanced optimisation techniques combined with predictive dispatch strategies achieve 

substantial cost reductions and renewable energy integration for mining decarbonisation. 

2. Methods 

We developed Py-Microgrid by extending the Hybrid Optimisation and Performance Platform (HOPP) for 

comprehensive microgrid simulation and optimisation [12]. Our framework incorporates multiple dispatch 

strategies including Load Following, Heuristic Dispatch, One Cycle, and Predictive Dispatch, alongside 

flexible load management for demand-side optimisation. 
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Figure 1 shows the comprehensive optimisation workflow of our Py-Microgrid framework. The process begins 

with users inputting site coordinates, which automatically triggers API requests to download location-specific 

meteorological data. Solar irradiation data is retrieved from Himawari satellite databases whilst wind and 

additional meteorological parameters are obtained from NASA POWER databases [13,14]. This automated 

data acquisition ensures users can easily access high-quality renewable resource data for any global location 

without manual data collection. 

 

Figure 1. Optimisation workflow of our Py-Microgrid framework showing decision variables, system 

constraints, and algorithm integration for minimising LCOE. 

The framework workflow demonstrates how decision variables (PV, wind, generator, and battery capacities) 

are processed through system constraints and optimisation algorithms. Users can customise their microgrid 

configuration by selecting preferred dispatch strategies and enabling flexible load features. Our optimisation 

framework evaluates four advanced algorithms: Nelder-Mead [15], Powell [16], Differential Evolution [17], 

and Simplicial Homology Global Optimisation (SHGO) [18]. These algorithms determine optimal component 

capacities for photovoltaic systems, wind turbines, battery storage, and diesel generators whilst minimising 

LCOE. The system operates under the constraint that total generation must meet or exceed load demand at all 

timesteps. The optimisation process iteratively re-runs microgrid simulations with systematically varied 

component configurations, with algorithms improving system design parameters to minimise LCOE over 

successive iterations until convergence criteria are met. 

We analysed 135 Australian copper deposit locations from Geoscience Australia databases [16]. Each site's 

renewable energy potential was assessed using combined solar and wind capacity factors, providing 

comprehensive coverage of Australia's diverse climatic conditions. Figure 2 illustrates the hybrid microgrid 

system architecture that integrates AC and DC subgrids through bidirectional power converters, allowing 

efficient power management between different energy sources. 
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Figure 2. Hybrid microgrid system configuration showing integration of renewable and conventional energy 

sources with battery storage. 

Load profiles were based on Semi-Autogenous Ball Mill Crusher (SABC) circuits representative of standard 

copper ore processing [19]. This standardised approach enables consistent comparison across geographic 

locations whilst focusing on site-specific meteorological variations affecting renewable generation. 

3. Results 

3.1 Validation 

We validated Py-Microgrid by benchmarking against industry-standard HOMER software across all 135 

copper deposit locations. Both tools employed identical system configurations and component capacities, with 

Load Following dispatch strategies ensuring consistent operational logic. Economic performance comparison 

focused on LCOE distributions to verify Py-Microgrid's reliability. 

Figure 3 presents the validation results comparing LCOE distributions between our Py-Microgrid and HOMER 

across Australian copper deposits. The close alignment between both distributions confirms Py-Microgrid's 

reliability for techno-economic analysis, with LCOE values closely matching across the 0.24 to 0.40 $/kWh 

range. 

 

Figure 3. Validation results comparing LCOE distributions between our Py-Microgrid and HOMER across 

Australian copper deposits, demonstrating consistent economic performance metrics. 
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Minor variations attributed to different meteorological data sources confirmed Py-Microgrid's reliability. We 

designed Py-Microgrid to utilise Himawari satellite data for solar resources and NASA POWER databases for 

wind data, ensuring high-quality simulation inputs that users can automatically download based on their 

specific location coordinates. 

3.2 Optimisation Algorithms 

Algorithm performance evaluation revealed distinct convergence characteristics. Figure 4 demonstrates the 

performance comparison of optimisation algorithms, clearly showing Nelder-Mead's superior convergence 

speed and accuracy in achieving minimum LCOE values. The Nelder-Mead algorithm achieved fastest 

convergence to global minimum LCOE values within approximately 200 iterations whilst maintaining highest 

accuracy throughout optimisation. The superior economic performance compared to HOMER (0.20-0.33 

$/kWh vs 0.24-0.40 $/kWh) demonstrates our framework's advanced optimisation capabilities rather than 

dispatch strategy differences, as both tools used identical Load Following strategies during validation. 

Implementing Nelder-Mead within our framework shows consistently better component sizing solutions, 

achieving global minimum LCOE values that commercial software optimisation may not reach due to 

proprietary algorithm limitations. 

 

Figure 4. Optimisation algorithms comparison showing the convergence speed and accuracy of each 

algorithm. 

3.3 Dispatch Strategies and Demand-side Flexibility 

Dispatch strategy analysis revealed varying performance characteristics. Predictive Dispatch showed particular 

promise when combined with demand-side flexibility, transforming multimodal LCOE distributions into 

consistent unimodal patterns. This performance stems from forecasting capabilities that enable optimal 

scheduling of flexible loads during high renewable generation periods. 

Integrating flexible load management, representing 10% of total demand, demonstrated significant 

improvements across all dispatch strategies. This demand-side flexibility enables dynamic load adjustment 

responding to available renewable generation, reducing energy deficit periods and preventing system 

oversizing. 

Figure 5 illustrates the LCOE distributions for hybrid microgrids with flexible load and demand-side flexibility 

enabled, showing notably improved performance consistency across all dispatch strategies. Compared to 

scenarios without demand-side flexibility, all dispatch strategies demonstrated substantial improvements: 
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average LCOE reductions of 7.1%, variance reductions of 28.0%, and significantly tighter distribution patterns 

with up to 60% higher peak frequency concentrations. Predictive Dispatch showed the most pronounced 

benefits, achieving 7.7% lower LCOE values with 37.5% reduced variance, transforming the previously 

multimodal distribution into a consistent unimodal pattern. 

 

Figure 5. LCOE distributions for hybrid microgrids with flexible load and demand-side flexibility enabled, 

showing improved performance consistency across dispatch strategies. 

Combining Predictive Dispatch with demand-side flexibility achieved exceptional results, with renewable 

energy fractions approaching 90% whilst maintaining competitive LCOE values below 0.20 $/kWh. This 

synergy demonstrates potential for highly renewable mining operations without compromising economic 

viability. 

Decarbonisation assessment revealed substantial carbon emission reductions across all dispatch strategies 

compared to diesel-only systems. Specific carbon emissions concentrated between 0.2 and 0.4 kg/kWh, 

corresponding to emission reductions of 40% to 85% relative to conventional diesel generation. Predictive 

Dispatch with demand-side flexibility demonstrated most consistent performance, maintaining stable emission 

profiles whilst achieving significant carbon reductions. 

4. Conclusion 

We successfully developed and validated Py-Microgrid as a comprehensive open-source tool for hybrid 

microgrid optimisation, addressing critical gaps in existing simulation capabilities. Our framework's advanced 

optimisation algorithms consistently outperformed industry-standard tools, achieving lower LCOE values 

whilst enabling transparent system design processes. 

Combining Predictive Dispatch with demand-side flexibility represents significant advancement for mining 

decarbonisation, achieving renewable energy fractions approaching 90% with competitive economics below 

0.20 $/kWh. These results demonstrate substantial potential for sustainable mining operations whilst 

maintaining reliable power supply essential for continuous processes. 

Carbon emission reductions of 40-85% compared to diesel-only systems highlight our framework's 

significance for Australia's mining sector transition towards net-zero operations. Py-Microgrid's open-source 
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nature allows continued development and customisation for specific applications, supporting ongoing 

innovation in sustainable industrial practices. 

Future research directions include integrating advanced renewable technologies such as concentrated solar 

power and hydrogen storage systems, developing more sophisticated algorithms to optimize demand-side 

flexibility, and extending the analysis to a diverse range of energy-intensive industrial operations to validate 

the framework's broader applicability across the industrial sector. 
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