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Abstract 

Energy System Optimization Models (ESOMs) are one of the most effective tools for 
assisting policymakers making critical decisions in the energy sector. In energy system 
modelling, relying on a single optimal solution can be risky due to uncertainties in 
demand forecasts, technology costs, policy changes, and system constraints. This 
study enhances decision-making by expanding the decision space through near-
optimal solutions—alternative system configurations within a predefined cost slack. 
By doing so, policymakers can evaluate multiple viable pathways that balance 
affordability, sustainability, and resilience. This approach is particularly relevant for 
energy transition planning, where flexibility and adaptability to future changes are 
crucial. 

This study introduces an automated method within the open-source energy modelling 
platform Hypatia, enabling the efficient generation of near-optimal solutions with 
minimal user intervention. By integrating over 1700 lines of Python code and 
introducing the Ω parameter, the tool systematically explores diverse energy system 
configurations. Applied to the Italian energy sector, the enhanced model generated 
100 near-optimal solutions, revealing critical trade-offs in technology choices while 
maintaining economic feasibility. The results demonstrated that even within a strict 
cost constraint (+5% over the optimal solution), alternative pathways could achieve 
lower CO₂ emissions. This study highlights the potential of automated decision-space 
analysis in improving energy planning, offering policymakers a scalable and 
adaptable framework for sustainable energy transitions. 

 

Key-words: Energy Systems; Modelling to Generate Alternatives (MGA); Near-
Optimal Solutions 
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Abstract in italiano 

I modelli di ottimizzazione dei sistemi energetici (ESOMs) sono tra gli strumenti più 
efficaci per supportare i decisori politici nelle scelte critiche del settore energetico. Nel 
contesto della modellizzazione dei sistemi energetici, affidarsi a un’unica soluzione 
ottimale può essere rischioso a causa delle incertezze legate alle previsioni della 
domanda, ai costi tecnologici, ai cambiamenti normativi e ai vincoli di sistema. Questo 
studio migliora il processo decisionale ampliando lo spazio decisionale attraverso 
soluzioni quasi ottimali—configurazioni alternative del sistema entro un margine di 
costo predefinito. In questo modo, i responsabili politici possono valutare percorsi 
multipli e praticabili che bilanciano convenienza, sostenibilità e resilienza. Questo 
approccio è particolarmente rilevante per la pianificazione della transizione 
energetica, in cui flessibilità e adattabilità ai cambiamenti futuri sono cruciali. 

Questo studio introduce un metodo automatizzato all’interno della piattaforma open-
source di modellizzazione energetica Hypatia, consentendo la generazione efficiente 
di soluzioni quasi ottimali con un intervento minimo da parte dell’utente. Integrando 
oltre 1700 righe di codice Python e introducendo il parametro Ω, lo strumento esplora 
sistematicamente diverse configurazioni dei sistemi energetici. Applicato al settore 
energetico italiano, il modello potenziato ha generato 100 soluzioni quasi ottimali, 
rivelando trade-off critici nella scelta delle tecnologie, pur mantenendo la sostenibilità 
economica. I risultati hanno dimostrato che, anche con un vincolo di costo rigoroso 
(+5% rispetto alla soluzione ottimale), percorsi alternativi possono portare a una 
riduzione delle emissioni di CO₂. Questo studio evidenzia il potenziale dell’analisi 
automatizzata dello spazio decisionale per migliorare la pianificazione energetica, 
offrendo ai decisori politici un framework scalabile e adattabile per la transizione 
energetica sostenibile. 

 

Parole chiave: Sistemi Energetici; Modellizzazione per la Generazione di Alternative 
(MGA); Soluzioni Quasi Ottimali 
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Introduction 

The escalating impact of human activities on the environment has intensified concerns 
over climate change and its associated risks. With rising global temperatures and 
deteriorating ecological systems, the urgency for effective climate action has never 
been greater. This urgency was underscored in 2015 when 194 countries ratified the 
Paris Agreement, committing to limit global warming to well below 2.0 °C, with efforts 
to cap the increase at 1.5 °C above pre-industrial levels. [1] Despite these commitments, 
current measures fall short, necessitating enhanced and more ambitious global 
decarbonization strategies. 

In response, the European Union (EU) has embarked on the European Green Deal, an 
ambitious initiative aimed at reducing emissions by 55% from 1990 levels by 2030 and 
achieving net-zero emissions by 2050. [2] This plan involves comprehensive strategies 
across various sectors, particularly focusing on the energy sector, which is responsible 
for the majority of greenhouse gas emissions. The EU's approach prioritizes the 
expansion of renewable energy sources, energy efficiency, and the development of 
innovative technologies to ensure a sustainable and resilient energy system [1]. 

The energy sector, accounting for nearly three-quarters of the EU's emissions, is a 
critical focus of the Green Deal. [3] The transition to renewable energy sources such as 
wind, solar, and hydropower is central to this strategy. Offshore wind energy, in 
particular, is highlighted due to its significant technological advancements and cost 
reductions. [4] Additionally, the EU is investing in energy storage solutions, smart grid 
technologies, and carbon capture and storage (CCS) to enhance system reliability and 
flexibility. The integration of these technologies aims to create a more sustainable and 
efficient energy infrastructure capable of meeting future demands. [4] 

The transportation sector poses a significant challenge due to its rising emissions. The 
EU's strategy includes the electrification of transport, promoting the adoption of 
electric vehicles (EVs) to reduce emissions and improve air quality. This shift not only 
addresses environmental concerns but also enhances the EU's economic 
competitiveness in the global market. [4] 

The recent geopolitical tensions, particularly the war in Ukraine, have further 
emphasized the need for energy security. The EU's REPowerEU plan seeks to reduce 
dependency on Russian fossil fuels, which have been used as economic and political 
tools. [5] This plan focuses on diversifying energy supplies, increasing energy 
efficiency, and accelerating the deployment of renewable energy sources to ensure a 
secure and sustainable energy future. [5] 
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Moreover, achieving the EU’s ambitious decarbonization targets requires a holistic 
approach that extends beyond technological advancements. Policy frameworks and 
regulatory mechanisms play a crucial role in shaping market dynamics and 
incentivizing investments in clean energy solutions. Carbon pricing mechanisms, such 
as the EU Emissions Trading System (ETS), have been instrumental in driving 
emissions reductions by putting a financial cost on carbon-intensive activities. 
Strengthening these mechanisms while ensuring a just transition for industries and 
workers dependent on fossil fuels is key to maintaining social and economic stability 
during the energy transition.  

Additionally, energy system decentralization is gaining traction as an effective 
strategy for enhancing sustainability and resilience. The integration of decentralized 
energy resources, including rooftop solar panels, community wind projects, and 
distributed energy storage, enables a more flexible and efficient power grid. By 
empowering local communities and businesses to generate and manage their own 
energy, this approach not only reduces reliance on centralized fossil-fuel-based 
generation but also fosters energy democratization and economic empowerment. 
Coupled with digitalization and smart energy management systems, decentralized 
energy networks can significantly improve grid efficiency and reliability while 
accelerating the adoption of renewables. [2] 

Furthermore, international collaboration remains a cornerstone of global 
decarbonization efforts. While the EU has made significant strides in its climate 
policies, achieving net-zero emissions requires alignment with global initiatives, 
particularly in developing nations where energy demand is rapidly growing. 
Partnerships that promote technology transfer, financial support, and capacity 
building can facilitate the adoption of clean energy solutions worldwide. By fostering 
a cooperative global energy transition, the EU can reinforce its leadership in climate 
action while ensuring that the benefits of decarbonization extend beyond its borders. 
[2] 

Italy, as a key member of the EU, is deeply involved in these initiatives. The Italian 
Integrated National Energy and Climate Plan (INECP) [6] and the National Recovery 
and Resilience Plan (NRRP) [7] outline Italy's commitment to the EU's climate goals. 
In 2020, Italy's energy mix consisted of approximately 40% renewable energy, 50% 
natural gas, and 10% from coal and oil. Italy has made significant progress in reducing 
its dependency on Russian natural gas through diversification of its energy imports 
and investments in infrastructure. [8] 

Italy's strategy includes ambitious targets for renewable energy adoption and energy 
efficiency improvements. By 2030, the country aims to achieve a 55% share of 
renewables in electricity generation, rising to 95% by 2050. [9] The phase-out of coal 
by 2025 is a critical step towards reducing greenhouse gas emissions and mitigating 
environmental and health impacts. [9] Furthermore, Italy plans to leverage the Next 
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Generation EU (NGEU) program to fund its green transition, with substantial 
investments allocated to renewable energy projects, energy efficiency, and innovative 
technologies such as offshore wind and hydrogen. [10] 

Hydrogen is poised to play a crucial role in Italy's energy transition. The EU's long-
term hydrogen strategy envisions a phased approach to integrate hydrogen into the 
energy system, enhancing its role as an energy carrier and storage solution. [11] Italy's 
national hydrogen strategy targets a penetration of 2% in final energy consumption by 
2030, increasing to 20% by 2050. This strategy includes the development of significant 
electrolysis capacity to produce green hydrogen, reducing dependence on fossil fuels 
and contributing to the overall decarbonization efforts. [12] 

Energy System Optimization Models (ESOMs) have long been a cornerstone in the 
planning and analysis of energy systems, providing crucial insights into the most cost-
effective ways to meet energy demands while minimizing environmental impact. [13] 
These models typically involve complex mathematical formulations that account for 
various factors such as energy supply and demand, technological capabilities, 
economic costs, and environmental constraints. By simulating different scenarios, 
energy optimization models help policymakers and industry stakeholders identify 
optimal strategies for energy production, distribution, and consumption. 

Traditional ESOMs focus on determining a single cost-optimal solution, often 
overlooking socio-political and structural constraints that affect real-world energy 
transitions. [14] In recent years, energy modelling research has increasingly focused 
on finding alternative solutions beyond the least-cost options. [15] Traditional single-
optimal solution ESOMs often fail to account for social issues that cannot easily be 
quantified in a mathematical model. These issues range from public acceptance of 
certain technologies to the regional overuse of a technology compared to actual energy 
consumption. These factors significantly influence policy decisions and should not be 
overlooked. Consequently, policymakers are willing to accept higher costs to address 
these issues, a point that will be further discussed in this thesis. Additionally, real-
world energy transitions have shown that traditional ESOMs rarely predict future 
solutions accurately. [14] These models should be seen as tools for outlining guidelines 
to achieve specific energy policy targets rather than as predictors of the future. 
Therefore, researching a broad array of feasible solutions is crucial for representing 
real-world energy transitions. 

The current methods for addressing uncertainties in ESOMs vary depending on the 
challenges researchers aim to tackle. Understanding these uncertainties is essential 
when seeking alternative solutions. Uncertainties in energy optimization models are 
of two types: 

1.! Parametric uncertainties: These arise from the inherent variability of 
economic or social parameters, such as fuel and technology costs, 
discount rates, and learning rate curves. [16] 
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2.! Structural uncertainties: These stem from the model's inability to 
accurately represent real-life conditions. [17] 

Parametric uncertainties are easier to handle by performing sensitivity analyses on 
input parameters. [16] This involves selecting a range of plausible values, rerunning 
the model for each value, and assessing the impact on the results. Innovative 
methodologies for sensitivity analyses now include probabilistic distributions of 
uncertain parameters (Monte Carlo simulation), stochastic programming, or robust 
optimization. [16] These methods allow for a thorough analysis of different 
deterministic or distributed solutions, providing a clear cause-and-effect relationship 
between inputs and outputs. 

Structural uncertainties are more challenging. Models often overlook issues that 
cannot be mathematically represented, necessitating different methodologies to 
analyze and address these uncertainties. Traditional approaches have focused on 
increasing model complexity to better depict real-world conditions. Recently, 
however, a new methodology called "Modelling to Generate Alternatives" (MGA), 
introduced by DeCarolis, has been applied in energy modelling. [17] MGA is typically 
used for linear optimization and single-objective problems, but it has many 
applications in exploring alternative solutions in energy modelling. The basic steps of 
MGA are: [17] 

1. Identify the single optimal solution by minimizing the total system cost. 

2. Set this total cost as a new constraint to find alternative solutions, allowing 
the total cost to exceed the original by a predetermined amount (cost slack). 

3. Define a new objective function to seek near-optimal solutions, which is 
crucial for the effectiveness of MGA. 

MGA addresses policymakers' demands for exploring more expensive but potentially 
more feasible solutions for future issues. However, simply implementing MGA is 
insufficient for specific case studies due to various options in defining new constraints, 
objective functions, and parameter values. Therefore, it is crucial to study, analyze, 
and compare different MGA applications from recent research to determine the most 
appropriate method for a given case study. [17] 

Building on the need for alternative solutions in energy system modeling, recent 
research has explored hybrid approaches that integrate Modelling to Generate 
Alternatives (MGA) with other uncertainty-handling techniques. One promising 
direction involves coupling MGA with robust optimization or stochastic 
programming, allowing models to account for both near-optimal alternatives and 
probabilistic variations in key parameters. By combining these methods, researchers 
can generate diverse solution sets that not only meet cost constraints but also remain 
resilient to fluctuations in technology costs, fuel prices, and policy changes. This 
hybrid approach is particularly useful in long-term energy planning, where 
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unforeseen shifts in market dynamics or regulatory frameworks can render a single 
cost-optimal pathway obsolete. 

Another emerging strategy to enhance ESOMs involves incorporating machine 
learning techniques to systematically analyze and categorize alternative solutions. 
Traditional ESOMs rely on predefined assumptions about technology costs and 
system configurations, but machine learning can identify patterns across multiple 
model runs, highlighting trends and trade-offs that may not be immediately apparent 
through conventional optimization. For example, clustering algorithms can group 
alternative energy transition pathways based on shared characteristics, enabling 
policymakers to compare strategies based on factors beyond cost—such as 
technological diversity, emissions reductions, or regional feasibility. Additionally, 
reinforcement learning has been proposed as a means of dynamically adjusting model 
constraints based on evolving policy priorities, allowing for more adaptive decision-
making processes. 

Despite these advancements, challenges remain in bridging the gap between model-
generated alternatives and real-world implementation. One key limitation is the 
difficulty of translating mathematical representations of energy systems into 
actionable policy measures. While MGA and other uncertainty-handling techniques 
offer a broader range of feasible solutions, their practical adoption depends on factors 
such as political will, infrastructure readiness, and social acceptance. Addressing this 
issue requires closer collaboration between modelers and policymakers, ensuring that 
alternative solutions align with regulatory constraints, investment cycles, and regional 
development goals. Furthermore, integrating qualitative insights—such as expert 
opinions and stakeholder preferences—into ESOMs could enhance their relevance for 
decision-makers, making energy transition strategies more holistic and actionable. 

Future research should focus on refining these methodologies to improve the usability 
and interpretability of ESOMs. This includes developing standardized frameworks for 
comparing alternative solutions, enhancing computational efficiency to handle large-
scale energy models, and incorporating more nuanced representations of socio-
political dynamics. As energy transitions become increasingly complex, the ability to 
explore diverse, flexible, and resilient pathways will be essential in navigating 
uncertainties and achieving sustainable energy goals. By expanding the scope of 
ESOMs beyond cost minimization, the field can move toward more realistic and 
policy-relevant modeling approaches, ultimately supporting more effective and 
equitable energy planning. 

This thesis aims to address these limitations by incorporating methodologies that 
explore near-optimal solutions. These methodologies recognize the importance of 
flexibility in policymaking and technology deployment, providing a broader range of 
feasible solutions beyond the single optimal outcome. By integrating these 
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methodologies into the Hypatia [18] open-source Python energy optimization model, 
this study will offer valuable insights into the Italian energy system's transition. 

The first objective has been addressing the lack of user-friendly automated alternative 
generation methods in open-source models, specifically Hypatia. Current open-source 
energy models lack simple automated methods to generate alternative solutions. 
Existing MGA implementations are often complex, hardly replicable, and difficult to 
interpret for non-experts. Additionally, previous attempts to generate alternative 
solutions in Hypatia required excessive manual intervention, limiting the efficiency 
and scalability of decision-space analysis. Automation enhances quality and quantity 
of generated solutions, requires minimal modeller intervention, and improves 
reproducibility and usability for policymakers and researchers. 

The second objective of this study has been the application of the method to the Italian 
energy sector and analysing the decision-space for Italy’s energy planning. Energy 
planning involves multiple uncertainties and trade-offs. Hence, understanding the 
decision-space is crucial for robust policymaking. Application of near-optimal 
solutions to the Italian energy sector provides alternative pathways to achieve the 
same goal and offers insights about existing trade-offs in the multi-criteria problem of 
energy planning. 
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! ! Literature Review'

This chapter details the systematic literature review methodology used, based on the 
techniques outlined by Kitchenham. [19] The benefit of performing a systematic 
review is that, if the results are consistent, it provides evidence that the phenomenon 
is robust and applicable across various contexts. This is due to its rigorous scientific 
approach, which comprises five main stages: [19] 

¥! Identification of research 

¥! Selection of studies 

¥! Study quality assessment 

¥! Data extraction and monitoring process 

¥! Data synthesis 

For this case study, this process is essential as it addresses the initial objectives of the 
thesis: providing a detailed overview and characterization of the energy systems in 
Italian regions and understanding the current state of methods used to generate 
alternative solutions. Additionally, these stages must be carefully tailored to the 
specific case study. This involves using specific keywords and filters to find the most 
relevant data. 

The goal is to identify methods similar to "Modeling to Generate Alternatives" that 
allow for the generation and exploration of near-optimal solutions without increasing 
the model's complexity. To implement these methods effectively, they must meet 
specific criteria compatible with the study case of this thesis. These criteria will be 
translated into specific keywords and research filters to help identify the most relevant 
research works. 

To ensure a comprehensive and unbiased review, the selected studies must come from 
reputable sources such as peer-reviewed journals, conference proceedings, and 
established research institutions. A critical aspect of this process is the study quality 
assessment, which evaluates the reliability, validity, and relevance of each selected 
work. Factors such as sample size, methodological rigor, and the transparency of 
assumptions are carefully examined to filter out studies with potential biases or 
inconsistencies. By maintaining strict inclusion and exclusion criteria, the systematic 
review enhances the credibility of its findings, ensuring that the methodologies 
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identified for generating alternative solutions are both scientifically robust and 
practically applicable. 

Once relevant studies are identified and assessed, the extracted data undergoes a 
structured synthesis process. This involves categorizing methodologies based on their 
approach, application domain, and compatibility with energy system modeling. 
Comparative analysis is performed to highlight the strengths and limitations of 
different techniques, particularly in terms of computational efficiency, scalability, and 
interpretability. Special attention is given to methodologies that strike a balance 
between model complexity and solution diversity, as these are crucial for developing 
flexible decision-making frameworks in energy planning. Ultimately, the systematic 
literature review serves as a foundation for selecting and refining the most suitable 
methods to enhance the modeling framework used in this thesis. 

!"!" ! !"#$%&'("#)"*+("#+,-(%(.'$%)/(')0"+01+'-$+2'(3)("+
4"$%*5+65&'$7#
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Italy's energy system is undergoing significant transformations driven by European 
Union (EU) climate goals, national policies, and technological advancements. The 
country is working towards achieving a 55% reduction in greenhouse gas (GHG) 
emissions by 2030 and complete decarbonization by 2050, in alignment with 
the European Green Deal and the Integrated National Energy and Climate Plan 
(INECP). [2] 

Italy’s energy transition is marked by a rapid shift towards renewable energy sources 
(RES) and modernization of the electricity grid to accommodate increasing shares of 
intermittent renewables. However, challenges remain in balancing energy security, 
economic feasibility, and environmental sustainability. This section provides a 
systematic literature review of Italy’s current energy landscape, installed capacity, 
transmission network, and policy framework. [9] 

Italy’s commitment to expanding renewable energy sources (RES) is evident in its 
increasing reliance on solar and wind power. As of recent years, solar photovoltaic 
(PV) capacity has experienced substantial growth, supported by favorable policies 
such as feed-in tariffs and tax incentives. Wind energy, both onshore and offshore, is 
also expanding, with the government promoting investment in offshore wind farms 
to tap into the country’s coastal wind resources. Despite these advancements, the 
intermittent nature of RES poses integration challenges, requiring enhanced grid 
flexibility, energy storage solutions, and demand-side management strategies to 
maintain system stability. [9] 
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In response to these challenges, Italy is investing heavily in grid modernization and 
digitalization. The country is expanding its transmission network to connect high-
potential renewable energy zones to demand centers while incorporating smart grid 
technologies for real-time monitoring and control. Battery storage, pumped hydro, 
and vehicle-to-grid (V2G) technologies are being explored to enhance grid resilience. 
Additionally, interconnection with neighboring countries through cross-border 
electricity exchange is being strengthened to improve energy security and ensure a 
stable electricity supply, especially during periods of fluctuating renewable 
generation. [9] 

Italy’s decarbonization strategy also places a strong emphasis on the electrification of 
end-use sectors, particularly transportation and heating. The promotion of electric 
vehicles (EVs) is gaining momentum through subsidies, charging infrastructure 
expansion, and tax exemptions. In the heating sector, policies supporting heat pumps 
and district heating systems are being implemented to reduce dependence on natural 
gas, which remains a dominant fuel source. These electrification efforts, combined 
with increased RES integration, are expected to significantly lower the country’s 
carbon footprint while fostering energy independence. [9] 

 

Beyond technical measures, Italy’s policy and regulatory framework play a crucial role 
in driving the energy transition. The government has introduced market-based 
mechanisms such as capacity auctions, green certificates, and carbon pricing to 
incentivize low-carbon investments. Additionally, collaboration with private sector 
stakeholders and international organizations is accelerating research and development 
(R&D) in emerging technologies such as hydrogen and carbon capture and storage 
(CCS). As Italy progresses towards its ambitious climate targets, continuous policy 
refinement and technological advancements will be essential in ensuring a sustainable, 
secure, and economically viable energy future. [9] 

!"!"-" ! .$/&01,2+3,4$(,#$5%466/(,7484*+%1,

Italy's electricity generation relies on a diverse mix of energy sources, including 
renewable energy, natural gas, and limited coal and oil-based production. According 
to the International Energy Agency: [20] 

 

•! Renewable Energy: In 2023, renewable sources accounted for approximately 
42% of total electricity generation, with hydropower, solar PV, and wind 
energy being the dominant contributors. Italy has set an ambitious target of 
reaching 55% renewable electricity by 2030 and 95% by 2050. [20] 
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•! Natural Gas: Despite the transition to renewables, natural gas remains the 
largest single source of electricity generation, covering around 48% of total 
demand in 2023. Italy is the second-largest gas consumer in the EU after 
Germany, relying heavily on imports from Algeria, Azerbaijan, and LNG 
terminals. [20] 

•! Coal and Oil: Italy is phasing out coal-fired power plants, with a planned 
exit by 2025. In 2023, coal contributed less than 5% to electricity generation. 
[21] 

•! Nuclear Energy: Unlike other EU nations, Italy does not have an operational 
nuclear energy program following a national referendum in 1987. However, 
discussions around small modular reactors (SMRs) have resurfaced as part 
of long-term energy security strategies. [22] 

 

!"!"9"! :&+(,#$;&45%&)*%)&/,4$(,<&4$5=+55+'$,>15%/=,

Italy’s electricity grid infrastructure is managed by Terna, the national Transmission 
System Operator (TSO), responsible for ensuring system reliability and facilitating the 
integration of RES. The 2023 Grid Development Plan outlines investments of over €21 
billion by 2032 to enhance grid capacity and resilience. [21] 

Key projects include: 

 

•! Hyper grid Initiative: A large-scale project aimed at doubling high-voltage 
direct current (HVDC) transmission capacity between Italy’s regional 
market zones, increasing cross-border electricity exchange. [23] 

•! New Interconnections: Italy is expanding cross-border transmission lines 
with France, Switzerland, and the Balkans to improve grid stability and 
reduce dependency on fossil fuel imports. [9] 

•! Battery Storage Integration: The government plans to add 30-40 GW of 
battery energy storage systems (BESS) by 2050 to mitigate renewable 
intermittency and enhance grid flexibility. [2] 

 

The following table summarizes the current transmission line capacities between 
Italy’s main bidding zones: [24] 
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The Italian government has introduced several policy frameworks to accelerate the 
energy transition and align with EU climate goals: 

•! National Recovery and Resilience Plan (NRRP): Allocates €5.9 billion for 
renewable energy expansion, €2.2 billion for energy communities, and €0.68 
billion for offshore wind. [2] 

•! Hydrogen Strategy: Italy aims to produce 5 GW of green hydrogen by 2050 
and is investing in hydrogen valleys to integrate hydrogen production with 
industrial hubs. [25] 

•! Energy Efficiency Targets: Plans to improve efficiency in buildings and 
industry by reducing primary energy demand by 40% by 2030. [20] 

!"!"D"! 7'$*6)5+'$ ,

Italy’s energy transition is characterized by ambitious renewable energy expansion, 
natural gas dependency reduction, and grid modernization efforts. While the country 
faces challenges in ensuring grid stability and integrating variable renewable energy, 
strategic investments in HVDC transmission, battery storage, and hydrogen 
production offer viable pathways toward a decarbonized future. The next sections of 
this thesis will build upon this foundation, evaluating methodologies for near-optimal 
solutions in energy modeling and their application to Italy’s energy transition. 
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The transition to a sustainable energy system requires not only cost-optimal solutions 
but also the exploration of near-optimal alternatives that consider social, 
environmental, and political factors. [14]  Traditional Energy System Optimization 
Models (ESOMs) prioritize cost minimization, often overlooking diverse solutions that 
could provide additional resilience and feasibility in real-world implementation. [14] 
To address this, Modelling to Generate Alternatives (MGA) has been introduced as a 
method for identifying multiple near-optimal solutions that policymakers can evaluate 
based on various criteria beyond cost efficiency. 

This section reviews the existing literature on MGA, highlighting key methodologies, 
findings, and their applicability to Italy’s energy transition. A systematic review of 
recent studies was conducted to map the development of MGA techniques and their 
role in energy system modeling. 

 

!"-"-" ! E+%/&4%)&/,F/C+/G,2/%H'('6'01,

A systematic literature review was performed using Scopus Advanced Research, 
applying multiple filtering steps to ensure relevance and minimize bias. The final 
dataset includes 34 peer-reviewed articles, selected based on keywords related to 
MGA, multi-objective optimization, near-optimal solutions, and energy transition 
modeling. The filtering process is summarized below: 

 

1.! Initial Query: ('energy system optimization model') AND ('modelling to 
generate alternatives' OR 'near-optimal solutions') !  100 results 

2.! Subject Area Filter: Limited to Energy !  76 results 
3.! Language Filter: English-only articles !  75 results 
4.! Final Query String: Inclusion of specific terms ('multi-objective 

optimization', 'energy system optimizations', 'energy transition') !  34 
results 
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The selected publications were analyzed based on their methodologies, findings, and 
contributions to MGA in energy system modeling. 
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The table below presents an overview of key studies on MGA, summarizing their 
methods and primary scope: 

Author(s) Year Method Scope 

Zhang et al. [26] 2025 MGA with 
MGR 

Enhancing resilience in community 
energy planning. 

Schlemminger et 
al. [27] 

2025 MGA with 
Flexibility 

Decarbonizing heat supply in the 
German energy system. 

Finke et al. [28] 2024 MGPA Generating near-Pareto-optimal 
solutions for municipal planning. 

Schwaeppe et al. 
[29] 

2024 MGA with 
Shadow Pricing 

Differentiating near-optimal solutions 
based on economic feasibility. 

Dubois et al. [30] 2023 Multi-objective 
MGA 

Exploring multi-sectoral planning 
trade-offs. 

Prina et al. [31] 2023 MGA Supporting policymakers with near-
optimal scenarios in Italy. 

Chen et al. [32] 2022 MGA Balancing GHG mitigation and land-
use conflicts. 

Neumann et al. 
[33] 

2021 MGA Exploring diverse technology mixes 
for European power systems. 

Pedersen et al. 
[34] 

2021 MGA and MAA Mapping near-optimal solutions 
considering land use and 
implementation feasibility. 

Lombardi et al. 
[35] 

2020 MGA with 
SPORES 

Full decarbonization of Italy’s energy 
system by 2050. 

Berntsen et al. 
[36] 

2017 MGA Swiss electricity supply scenarios and 
future uncertainties. 

Trutnevyte [14] 2016 MGA Exploring near-optimal solutions in 
the real-world energy transition. 
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Yue et al. [16] 2018 Qualitative 
Analysis 

Uncertainties in ESOMs and MGA 
methodologies. 

Pfenninger et al. 
[37] 

2014 Qualitative 
Analysis 

Challenges of ESOMs in national and 
international policy. 

DeCarolis [17] 2011 MGA Introduction of MGA to generate 
diverse policy-relevant insights. 
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The reviewed studies can be categorized into qualitative and quantitative approaches. 
While DeCarolis [17], Pfenninger [37], and Yue et al [16]. provide theoretical 
discussions on MGA's challenges and potential, other studies apply quantitative MGA 
techniques to specific case studies. 

One of the most relevant studies is Lombardi et al. [35], which serves as a benchmark 
for this thesis. It investigates Italy’s full decarbonization by 2050 and introduces the 
SPORES methodology, which relaxes cost constraints to identify spatially optimized 
near-optimal solutions. This study highlights the necessity of solar PV and energy 
storage while allowing flexibility for wind energy. 

A complementary approach is used by Trutnevyte [14], which applies a randomized 
MGA approach where weights are sampled from a uniform distribution. This 
generates a broader range of near-optimal solutions, enabling more comprehensive 
policy exploration. Similarly, Chen et al. [32] focuses on land-use constraints, showing 
that MGA can integrate environmental considerations beyond cost minimization. 

More recent studies propose innovative MGA adaptations. Zhang et al. [26] introduce 
Modelling to Generate Resilience (MGR), which ensures solutions are not only near 
optimal but also resilient against renewable fluctuations. Schwaeppe et al. [29] refine 
MGA with shadow pricing techniques, distinguishing between near-optimal solutions 
based on economic feasibility. Dubois et al. [30] extend MGA to multi-sectoral 
planning, demonstrating its applicability beyond electricity systems. 

Other noteworthy studies include Pedersen et al. [34], who use Mapping All 
Alternatives (MAA) to define a near-optimal solution space constrained by cost, 
introducing the Gini coefficient to measure energy equity across regions. Prina et al. 
[31] apply MGA in Italy using a heuristic method, supporting policy decisions through 
a diverse solution set. 

The diverse range of MGA methodologies highlights multiple ways to explore 
alternative energy transition pathways. The key takeaways for this thesis are: 
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1.! Incorporating cost-relaxation MGA methods: Following Lombardi et al. [35], 
the thesis will explore how different slack values impact near-optimal 
solutions. 

2.! Randomization techniques: Inspired by Trutnevyte [14], randomized weight 
sampling will be tested to diversify solution sets. 

3.! Resilience analysis: Zhang et al.’s [26] MGR methodology will be evaluated 
to ensure solutions remain reliable under uncertain renewable conditions. 

4.! Policy implications: Integrating constraints other than cost and emissions 
(Chen et al. [32], and Schwaeppe et al. [29]) will enhance the applicability of 
near-optimal results for real-world decision-making. 

 

Several methodologies exist for generating NOS, each with distinct advantages and 
limitations. Following table summarizes key approaches: 
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1. Hop-Skip-Jump (HSJ) 

The Hop-Skip-Jump method, as introduced by Brill [38], systematically perturbs 
constraints or objective function values in sequential iterations to generate alternative 
solutions. By gradually relaxing constraints or modifying objectives, HSJ explores the 
solution space near the optimal point, creating a diverse set of configurations. While it 
is a simple and intuitive method, it is less effective at comprehensively exploring trade-
offs in large-scale optimization problems, where system complexity and solution 
diversity can overwhelm its capabilities. 

 2. Monte Carlo (MC) 

The Monte Carlo method, first formalized by Metropolis and Ulam [39], employs 
random sampling of inputs and constraints to explore possible solutions. It is 
particularly effective in analyzing uncertainties and quantifying variability in 
outcomes under stochastic conditions. The lack of a structured exploration process, 
however, often results in inefficiencies, especially for problems with high-dimensional 
solution spaces, where computational demands grow exponentially. Despite this 
limitation, it remains a popular choice for assessing uncertainty in energy system 
modeling. 

 3. Linear Programming (LP) Relaxation 

LP relaxation simplifies mixed-integer programming (MIP) problems by replacing 
integer variables with continuous ones, enabling the use of efficient linear 
programming solvers. As described by De Silva [40], this method is particularly 
advantageous for its speed and ability to provide valuable insights into the solution 
space’s structure. However, it often generates impractical solutions containing non-
integer values, which require further adjustment to ensure real-world applicability. 

 4.  Heuristic Methods 

Heuristic methods, as conceptualized by Holland (1975) in his work on natural and 
artificial systems, iteratively refine solutions using problem-specific rules or 
mechanisms such as mutation, crossover, and randomization. These methods excel at 
navigating large, complex solution spaces, particularly in scenarios involving 
nonlinear constraints or high-dimensional problems. Their adaptability and efficiency 
make them invaluable in energy system modeling, though they do not guarantee 
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global optimality. The success of these methods heavily depends on the quality of their 
algorithmic design and parameter tuning. 

 5.  Metaheuristic Optimization 

Metaheuristic approaches, including genetic algorithms (GA), particle swarm 
optimization (PSO), and simulated annealing (SA), offer high-level strategies to 
balance exploration and exploitation of the solution space. As outlined by Hassan et 
al. [42], these methods are particularly suited for solving non-convex optimization 
problems and avoiding local optima. While they are computationally robust and 
capable of handling complex scenarios, their performance depends heavily on careful 
parameter tuning and is often computationally intensive, especially when applied to 
large-scale problems. 

 6.  Scenario-Based Optimization 

Scenario-based optimization evaluates system performance under multiple 
predefined scenarios, incorporating uncertainties like demand variations, renewable 
energy availability, and policy constraints. As noted by DeCarolis et al. [17], this 
method ensures robust and adaptable solutions that can withstand diverse conditions. 
However, the requirement for comprehensive scenario development and the high 
computational costs involved can make it challenging for extensive or real-time 
applications. Despite these challenges, it remains a critical approach for ensuring 
robust energy system planning under uncertainty. 
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For this study, the crossover technique of the heuristic method has been selected as 
the method to generate the near optimal solutions. The conclusion has been achieved 
as the result of the following characteristics of this method: 

 

1.! Enhanced Solution Diversity & Decision Space Quality 

Unlike Lombardi et al. [35], this method Incorporates randomization, ensuring a 
broad range of  high-quality alternative solutions. 

2.! More Realistic Representation of the Energy System 

Unlike Lombardi et al. [35], this approach does not impose modified weights on all 
technologies, making it a closer reflection of reality. It is also simpler & more 
intuitive to implement, reducing complexity without compromising accuracy. 

3.! Optimal Balance Between Feasibility & Diversity 

This technique avoids the high computational costs of Monte Carlo or extensive 
scenario-based methods, while still capturing diverse outcomes. 
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4.! Adaptability to Italy’s Complex Energy System 

It effectively models regional constraints and a diverse technology mix. 

 

!"4"! 5&+6)73*&+#
The literature review conducted in this chapter has provided a comprehensive analysis 
of Italy's energy system and the methodologies available for Modelling to Generate 
Alternatives (MGA) in energy system optimization. The two key areas explored—
Understanding and Characterizing the Italian Energy System and Modelling to 
Generate Alternatives—serve as the foundation for this thesis, guiding the selection 
and implementation of the most suitable methodologies for generating near-optimal 
solutions. 

The review of Italy’s energy system highlighted several critical aspects influencing the 
country’s decarbonization strategy. The analysis of Italy’s energy mix demonstrated 
the nation’s reliance on natural gas (48%) while making significant progress in 
renewable energy adoption (42% in 2023). Policy frameworks such as the Integrated 
National Energy and Climate Plan (INECP) and the National Recovery and Resilience 
Plan (NRRP) indicate a clear commitment to increasing renewable energy penetration, 
improving energy efficiency, and reducing greenhouse gas emissions by 55% by 2030. 
[2] However, challenges such as regional energy imbalances, transmission grid 
congestion, and land-use conflicts remain key concerns in achieving these objectives. 

In the Modelling to Generate Alternatives (MGA) section, the review classified the 
available methodologies into qualitative and quantitative approaches. Studies by 
Lombardi et al. (2020) [35] and Prina et al. (2023) [31] provide a foundation for 
implementing MGA in Italy’s energy transition, while Trutnevyte [14] and Pedersen 
et al. (2021) [34] introduce innovative techniques such as randomized sampling and 
alternative mapping to explore diverse near-optimal solutions. Recent advancements 
in MGA, including Zhang et al.’s [26] Modeling to Generate Resilience (MGR) and 
Schwaeppe et al.’s [29] shadow pricing approach, highlight the growing need to 
incorporate system resilience and economic feasibility into near-optimal energy 
planning. 

Building on these findings, the thesis will focus on adapting and implementing MGA 
methodologies to Italy’s energy transition, particularly for achieving decarbonization 
by 2050. The key methodologies chosen for implementation include: 

 

1.! Cost-relaxation MGA methods: Inspired by Lombardi et al. [35], this 
approach will assess how different slack values impact near-optimal 
solutions. 
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2.! Randomized weight assignment: Following Trutnevyte [14], a uniform 
distribution-based approach will be tested to explore a broader solution 
space. 

3.! Resilience-based alternative generation: The insights from Zhang et al. [26] 
will be incorporated to ensure energy security and system adaptability. 

 

Based on these key methodologies, the desired methodology to be implemented in 
Hypatia to generate the alternative solutions should have the following properties: 

1.! Dynamic cost relaxation 
2.! Focus on the diversity of the solutions 
3.! Randomization 
4.! Broad range of solutions, in terms of quality and quantity 

 

Finally, the crossover technique of the Heuristic method, inspired by the natural 
evolution and originating from genetic algorithms, has been chosen as the method to 
generate the alternative solutions in this study. This method has advantages over other 
approaches to generate near optimal solutions, especially the Lombardi et al. [35], by 
incorporating randomization, using a more realistic representation of the reality and 
balancing between feasibility and diversity of the solutions. 

 

The next chapter of this thesis will focus on the methodological concept of the 
crossover technique, and the implementation of this method in the open-source energy 
modelling platform of Hypatia. By leveraging MGA techniques, this study aims to 
bridge the gap between cost-optimal solutions and real-world energy transition 
pathways that are socially, environmentally, and technically feasible. 
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Hypatia is an open-source energy system optimization framework developed in 
Python by the SESAM research group at Politecnico di Milano. [18] It is designed to 
optimize both the operation and planning of energy systems over different 
timeframes. In short-term scenarios, it focuses on optimizing system operations within 
a single year, while in long-term planning, it manages continuous capacity expansion 
over an extended period. However, this study only considers Hypatia’s Planning 
mode. The framework is inspired by other energy optimization models like Calliope 
and OSeMOSYS and is built using CVXPY, a Python-based language for convex 
optimization, which allows for intuitive mathematical problem formulation. 

One of Hypatia’s key strengths lies in its modular and highly customizable structure, 
enabling researchers and policymakers to tailor the model to specific energy system 
configurations and policy scenarios. Unlike rigid black-box models, Hypatia offers 
transparency and flexibility, allowing users to define custom constraints, integrate 
novel technologies, and incorporate detailed sectoral interactions. This adaptability 
makes it a valuable tool for analyzing diverse energy transition pathways across 
different geographic and economic contexts. 

Additionally, Hypatia’s integration with Python provides a significant advantage in 
terms of accessibility and scalability. Python’s extensive ecosystem of scientific 
libraries, such as NumPy, Pandas, and SciPy, enhances data handling, visualization, 
and computational efficiency. This integration facilitates seamless interaction with 
external datasets, enabling more comprehensive analyses that incorporate real-world 
variables like fluctuating energy demand, climate conditions, and evolving market 
trends. Moreover, the use of CVXPY ensures robust optimization capabilities, allowing 
for efficient handling of complex, large-scale energy system models. 

Another notable feature of Hypatia is its ability to support multi-objective 
optimization, making it well-suited for balancing competing priorities such as cost 
minimization, emission reduction, and energy security. By incorporating multiple 
constraints and objectives, users can explore trade-offs between different policy 
strategies and technological choices. This capability is particularly relevant for 
policymakers seeking to design energy transition pathways that align with both 
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environmental and socio-economic goals, ensuring a sustainable and resilient energy 
future. 

 

Key Features of Hypatia include: 

1.! Flexible Data Handling: Users can customize inputs such as costs, 
emissions, and capacity constraints. 

2.! Modularity: New methodologies, like the heuristic NOS generation 
approach, can be easily integrated. 

3.! Detailed Outputs: Outputs include installed capacities, total costs, 
emissions, and technology-specific performance metrics. 

 

Hypatia is designed with the following main objective [18]: 

•! Uses Excel-based input data for user-friendly interaction. 
•! Supports multiple technology categories, including supply, conversion, 

conversion-plus, transmission, and storage. 
•! Can model various energy sectors such as electricity, heat, and hydrogen. 
•! Allows both single-node and multi-node spatial resolution, with the option 

to simulate interconnections between regions. 
•! Defines time resolution through “Years” and “Timesteps” tables. 

For what concerns the structure of the model, it is divided into different modules, 
which are Python files that define the functions of the model itself. The main ones are: 

 

•! Build.py 

It contains the core of the model, entailing the definition of the problem in CVXPY 

for planning and operation modes, the objective functions and the optimization 

required. The latter one can be chosen at the will of the user, and it can be either 

Single or Multi. The first one has been used for the least-cost scenarios, whereas 

the second one is implemented by a function called "solve_MO" which takes as an 

input the number of solutions required and the path where to display the Pareto 

curve in case of a multi-objective optimization - see Section 2.4. 

•! ModelVariables.py 

It defines all the problem variables. 

•! Main.py 

This is Hypatia’s interface module. It has the model’s class with all the methods 
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needed to create, solve and save the results. 

 

Hypatia is well-suited for decarbonization modelling, as highlighted by Plazas-Niño 
et al. [43], due to its capacity to address multi-sectoral dynamics and integrate 
emerging technologies. 
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Based on these key methodologies assessed in the literature review, it was clear the 
desired methodology to be implemented in Hypatia to generate the alternative 
solutions should have the following properties: 

1.! Dynamic cost relaxation 
2.! Focus on the diversity of the solutions 
3.! Randomization 
4.! Broad range of solutions, in terms of quality and quantity 

 

For this study, an innovative approach inspired by the crossover technique of the 
Heuristic method, originating from genetic algorithms, has been chosen as the method 
to generate the alternative solutions in this study. This method has advantages over 
other approaches to generate near optimal solutions, especially the Lombardi et al. 
[35], by incorporating randomization, using a more realistic representation of the 
reality and balancing between feasibility and diversity of the solutions. 

The near optimal solutions are mainly used to increase flexibility in the decision space. 
This is crucial when analysing energy systems, as energy systems are multi-criteria 
system with a lot of different trade-offs between characteristics of the system. Some of 
these characterizations can be analyse quantitively, like the cost of the system and the 
total emissions associated to the system. However, there are also other attributes of the 
energy system that cannot be analysed by numbers, but still are very important for a 
policymaker, like public opinion. Therefore, as there are many aspects of the system 
to be considered, the single optimal cost minimization solution will probably not be 
the ideal solution considering all aspects of the complex system. Most of the times, 
even the multi-objective solution of cost-emission optimization is not enough. As a 
result, the decision space is crucial for energy policy making. The main advantage is 
to give the policy maker a flexible space of pathways towards the same goal (meeting 
the projected electricity demand). The quality of this space is increased if the diversity 
of the solutions gets higher. 
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To achieve a diverse decision space, we need to have solutions that are maximally 
different from each other. One way to achieve this is to limit the most dominant 
technologies in the optimal solution and encourage the underutilized technologies. 
This way we will end up with the new solutions that use a very different energy mix. 
We also would like to have unique solutions, so we can have high quantities of the 
solutions, increasing the quality of the decision space. Hence, some randomized value 
is appreciated. 

The concept of the used approach is to iteratively impose additional capacity 
constraints to the original problem by blending dominant and random technologies. 
The idea is to suppress the dominant technologies and encourage underutilized 
technologies in alternative solutions to increase the diversity and flexibility of the 
decision space. 
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Starting from the original problem, the optimal solution is obtained. In energy system 
modelling, the optimal solution is obtained by solving a constrained optimization 
problem, where the objective function represents a key performance criterion—
typically minimizing system costs, maximizing efficiency, or reducing emissions. The 
optimization process involves decision variables such as generation capacity, energy 
dispatch, and storage operation, subject to a set of physical, economic, and policy 
constraints. Mathematically, the general formulation of an energy system optimization 
problem can be expressed as follows: 
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This objective function is subject to several constraints that ensure feasibility and 
system reliability. One of the fundamental constraints is the energy balance equation, 
which ensures that total energy supply meets demand at every time step: 

 

 
 

Another crucial constraint governs the installed capacity and dispatch limits for each 
energy generation technology: 

 

 
 

By solving this constrained optimization problem using mathematical solvers (such as 
Gurobi, CPLEX, or CBC), the model identifies an optimal investment and operational 
strategy that meets demand while adhering to technical, economic, and environmental 
constraints. The solution provides insights into the most cost-effective technology mix, 
optimal dispatch schedules, and the role of storage and flexibility measures in the 
energy system transition. 

In this optimal solution, one single technology is the most dominant one, in terms of 
the new installed capacity throughout the years. Other than this dominant technology, 
there are other technologies that are involved (or could have been involved) in the 
energy mix of the optimal solution for energy planning. The idea is to impose a 
limiting constraint to the most dominant technology (Max_TotalCapacity limit), and 
to impose an encouraging constraint to a random technology among other 
technologies. (Min_TotalCapacity) 

First, from the optimal solution, the most dominant and a random technology is 
identified. Take the following solution to the original optimization problem as an 
example: 
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Based on the new installed capacity, it is obvious that ‘Tech 1’ is the most dominant 
technology in the optimal solution. As for the random technology, any of the 
remaining technologies (other than ‘Tech 1’ which is the most dominant one) can be 
selected. Let’s take ‘Tech 4’, for example. 

After the identification of the two technologies, we combine these two technologies. 
(crossover) In this study, we have used a simple arithmetic average as a way to 
combine these two values, for the sake of simplicity. This combined variable is used as 
the basis for imposing the additional constraint in the sequential near-optimal 
problems. The way of crossing over can make some differences but does not change 
the main concept of combining and imposing the constraints. 

Now, we have a variable based on the most dominant technology and a random 
technology. This variable is now used to impose the additional constraints in the next 
optimization run. In the new optimization problem, we use all the parameters of the 
original optimization problem, with two new constraints: A new maximum capacity 
limit to the most dominant technology, and a new minimum capacity limit to the 
random technology. The value of these limits is based on the variable we just 
calculated. These new constraints form the new optimization problem and are 
adjusted until we have an optimal solution (to this new problem, which is equal to a 
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near-optimal solution to the original problem) that is both feasible, and within a cost 
slack. 
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This new solution is feasible, within the cost relaxation limit and unique. Each time 
this process is done, as a result of the new dominant technologies and a randomly 
selected technologies, we end up with a near-optimal solution that is unique. This 
means that at the high number of solutions, we are less likely to encounter repeated 
solutions with no value. Additionally, because of the approach to form the near-
optimal solutions, high diversity of solutions is achieved, as the most dominant 
technologies are constantly being replaced by underutilized technologies in the near-
optimal solution. 

The precise step-by-step process is further clarified in the flowchart and can also be 
understood through the code snippets in the Appandix. 
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In the concept of alternative solution generation in the energy sector, one of the most 
relevant things to consider is the high number of solutions. The whole idea of the near-
optimal solutions is to give the policymaker the flexibility, and most importantly, the 
insight about the different trade-offs between different pathways to achieve the same 
goal. The quality, and most importantly the validity, of this decision space improves 
proportionally with the number of solutions. 

Another thing to consider in the energy planning is the energy modeller’s bias. As 
mentioned in the guiding principles for ESOM-based analysis by DeCarolis et al. [44], 
the main point of using a mathematical optimization model is to find the solutions that 
make the most sense in the quantitative way, without any human bias from outside. 
The transparency required in the open-source energy modelling platforms is another 
indicator of the need of unbiased energy modelling. 

Considering these two aspects, having an automated workflow to generate the 
alternative solutions is a crucial objective. An automated workflow can ideally 
perform all the required steps to generate the decision space, with minimal modeller’s 
intervention. It also improves the efficiency and scalability of the decision space. Last 
but not least, an automated workflow to generate alternative solutions makes it easier 
for everybody to have access to all the insight of the decision space. 

An ideal workflow should operate like this: 
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Having the original problem as an input, the automated workflow obtains the optimal 
solution. (This step is the only step that is done automatically without human 
intervention in energy modelling platforms) After that, it should access the results of 
the optimal solution, identify the most dominant technology, choose a random 
technology, and calculate the crossover variable itself. Then, it should modify the input 
parameters and impose the additional constraint on the two technologies. After all 
that, it should rerun the optimization process and auto-adjust the constraints until 
reaching an acceptable solution. It should repeat this process until the desire number 
of solutions are achieved. 

With such a workflow, the generation of the decision space become as simple as 
obtaining the optimal solution. The user inputs are the sets and parameters of the 
original problem, the acceptable cost slack, and the number of solutions, and the 
workflow does everything with no need of manual intervention. In the end, the user 
has access to not only the optimal solution, but also to the each of the alternative 
solutions generated. 

This automated iterative process significantly enhances the exploration of near-
optimal solutions, providing a broader perspective on possible energy system 
configurations. By systematically adjusting constraints and re-optimizing, the 
workflow identifies diverse solutions that meet the predefined cost slack while 
varying technology deployment. This is particularly valuable for decision-makers who 
need to evaluate trade-offs between different energy strategies, ensuring robustness 
and flexibility in long-term planning. Instead of relying on a single optimal outcome, 
they can assess multiple alternatives that balance cost, emissions, and technological 
feasibility. 

Moreover, the automation of this process eliminates the risk of human bias in selecting 
constraints or modifying parameters manually. By relying on a predefined algorithmic 
approach to modify the input data and constraints, the workflow ensures consistency 
and objectivity in generating alternative solutions. This is crucial in complex energy 
models where small parameter changes can lead to significantly different outcomes. 
The resulting decision space not only aids in identifying resilient energy transition 
pathways but also supports sensitivity analyses, helping to understand how different 
policy or market conditions impact the feasibility of various energy system 
configurations. 

Current open-source energy models lack simple automated methods to generate 
alternative solutions. Existing MGA implementations are often complex, hardly 
replicable, and difficult to interpret for non-experts. Additionally, previous attempts 
to generate alternative solutions in Hypatia required excessive manual intervention, 
limiting the efficiency and scalability of decision-space analysis. Automation enhances 
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quality and quantity of generated solutions, requires minimal modeller intervention, 
and improves reproducibility and usability for policymakers and researchers. 
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A Reference Energy System (RES) serves as the structural representation of an energy 
system within an optimization model. The goal in constructing it is to closely reflect 
the real-world energy system of the case study. This means incorporating all existing 
and planned energy technologies while accounting for their costs and constraints over 
the analysis period. 

However, constructing an accurate Reference Energy System (RES) is a complex task 
that requires extensive data collection and careful calibration. It involves gathering 
detailed information on energy supply sources, conversion technologies, transmission 
and distribution networks, and end-use sectors. Additionally, factors such as resource 
availability, technology efficiencies, operational lifetimes, and investment costs must 
be included to ensure a realistic representation of the energy system. Any missing or 
inaccurate data can significantly affect model outcomes, leading to misleading policy 
recommendations. Therefore, researchers often rely on a combination of historical 
data, expert input, and scenario analysis to refine the RES and validate its accuracy 
against observed energy trends. 

Another key challenge in RES development is balancing model complexity with 
computational feasibility. While a highly detailed RES can capture intricate 
interactions within an energy system, excessive complexity can lead to computational 
inefficiencies and difficulties in interpreting results. To address this, modelers often 
simplify certain aspects of the system, such as aggregating similar technologies or 
using representative time slices to reduce temporal resolution. However, these 
simplifications must be carefully managed to avoid distorting key system dynamics. 
Advances in computational power and data availability are gradually enabling more 
detailed RES representations, but modelers must still make strategic choices to ensure 
that the RES remains both comprehensive and manageable within optimization 
frameworks. 

For this case study, was defined a RES for each Italian bidding-zone defined by Terna 
[23]. This process relied on a thorough literature review (Chapter 1) to gather both 
economic and technical data for each technology. Given the central role of renewable 
energy in Italy’s energy strategy, it was crucial to accurately characterize their capacity 
factors, which vary with time and weather conditions. Being the renewables at the 
forefront of the Italian energy plan, it was essential to characterize them also through 
their capacity factor which varies accordingly to time and weather. It was addressed 
for on and off shore wind, and PV, through the use of the tool Renewable ninja [45], 



32 2| Methodology 

 

 

where the tilt and azimuth parameters for the PV were chosen accordingly to Global 
solar Atlas [46], whereas the turbine model selected, for wind power plants, was the 
most advanced one, assuming that it will be the one used by 2050: Vastas [47]. On the 
contrary, for what concerns hydro power-plants, the capacity factor was obtained as:  
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This was done for a five-year span (from 2017 to 2021) consulting the data provided 
by the Italian TSO Terna, and the final capacity factor in each region was finally given 
by an average value within the five years. 

For what concerns heat production, due to the impossibility of mapping the existing 
heating power plants, the methodology followed consisted in converting the gross 
heat production, into the installed capacity considering a capacity factor of 1. 
Moreover, in order to take into account also renewable heat plants, the total heat 
installed capacity was divided considering the share of natural gas and bioenergy heat 
plants, according to EUROSTAT Italian energy balance for 2022. [48] 

Finally, To account for future developments essential for Italy’s decarbonization, the 
RES also includes advanced technologies that are not yet widely implemented but are 
expected to play a key role. These include offshore wind, steam methane reforming 
(with and without carbon capture and storage), natural gas power plants with CCS, 
methane pyrolysis, electrolysis, and hydrogen storage. The following figure, provides 
a scheme of the final Italian reference energy system: 
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At the start of the diagram, on the left side, you can see the primary energy sources, 
which include oil, natural gas, coal, and bioenergy. Each of these resources is linked to 
its respective energy carrier (represented by vertical lines), which then supplies 
various conversion technologies. 

In contrast, renewable energy sources do not require an intermediate carrier. Instead, 
they are directly connected to the output of most technologies—electricity. This energy 
carrier is represented in two stages within the model: first there is the high voltage  
transmission, connected to the corresponding transmission technology -in charge of 
transmitting and distributing electricity in order to allow also the import/export 
between regions and finally there is the low voltage distribution, connected to the 
transmission 

Regarding electricity exports, these are modeled alongside a specific “imports” 
technology, as both represent cross-border energy exchanges. However, to keep the 
model manageable, not every region includes an export demand. The external nations 
were modelled based on Lombardi et al. [35] article: 

•! Piemonte - France; 
•! Lombardia - Switzerland; 
•! Trentino Alto-Adige - Austria; 
•! Friuli-Venezia Giulia - Slovenia; 
•! Abruzzo - Montenegro; 
•! Puglia - Greece; 
•! Sicilia - Malta. 
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Finally, the last part of the RES consisted in modelling the demand. Still referring to 
the electricity, for this case study it was divided into five main sectors: primary, 
residential, industry and services. Moreover, when the bidding zone exchanges 
electricity with foreign countries, also exports are considered in the demand. From 
year 2020 to 2022, the data were taken from Terna’s regional statistics [21] [23] [24], 
whereas the forecast by 2050, follows the trend defined by the European reference 
scenario 2020 for Italy. [2] 

Heat demand was modeled similarly to electricity, with one heat carrier and one final 
heat demand. However, unlike electricity, there is no heat transmission—only 
distribution, meaning no heat imports or exports occur between regions. 

Finally, considering the previously defined Italian stated policies, also hydrogen was 
included. This is hence produced by steam methane reforming, steam methane 
reforming coupled with carbon capture and storage, methane pyrolysis, electrolysis 
and hydrogen storage. In this case, for what concerns transmission and distribution, 
the costs and the connection between regions were assumed to be the same of the 
current gas pipelines, as they are forecasted to be converted into hydrogen ones. In 
2020, the final consumption of hydrogen in Italy was of approximately 16 TWh, 
equivalent to the 1% of the final energy consumption at the national level and 
corresponding to around 480,000 tons per year. [6] Since the specific hydrogen demand 
for each bidding zone was not available, the division of the total was done accordingly 
to the share of the final electric consumption of each region according to the previously 
reported Terna data. 
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" ! Results and Discussion 

This chapter will explore the results of the study. It will first start with the 
enhancements made to the energy modelling platform of Hypatia, and introducing the 
new user input parameter Ω and analyzing how it changes the quality of near-optimal 
solutions. After that, it will discuss the results of the applied enhanced model of 
Hypatia to the Italian energy sector, presenting the decision space, and highlighting 
the main insights from the results. 

4"!"! 4"-(".$7$"'&+01+95:(')( +
The main objective of this study has been the presentation of a tool applied to an open-
source energy modelling platform to address the lack of automation and simplicity in 
the alternative solution generation. This tool’s value is above the implication of Italian 
energy system in this study, as it can used as a simple tool by anybody all around the 
world to generate the decision space for their desired energy system, finding valuable 
insight in the end, with almost no intervention, and high efficiency and scalability. 

A key contribution of this tool is its ability to streamline the process of exploring 
alternative energy system configurations, reducing the reliance on manual 
intervention and expert judgment. By automating the search for near-optimal 
solutions, it allows researchers and policymakers to quickly identify a broad spectrum 
of feasible pathways that account for economic, technical, and environmental trade-
offs. This is particularly valuable in policy planning, where decision-makers must 
weigh multiple objectives and uncertainties rather than relying solely on a single least-
cost solution. The tool’s integration with an open-source energy modeling platform 
ensures accessibility, enabling a wide range of users—from academic researchers to 
government agencies—to apply it to diverse case studies with minimal technical 
expertise. 

Moreover, the tool’s scalability makes it well-suited for applications beyond the Italian 
energy system, accommodating different geographic and technological contexts. 
Whether assessing national energy strategies or local microgrid configurations, users 
can adapt the tool to their specific needs without extensive modifications. This 
flexibility is crucial as energy systems become more decentralized and complex, 
requiring dynamic modeling approaches that can efficiently evaluate a variety of 
scenarios. By facilitating a more inclusive and comprehensive decision-making 
process, this tool has the potential to enhance the robustness of energy policy 
development worldwide. 

To address this objective, the Hypatia core model has been enhanced with a new 
python script (enhancements.py) with over 1700 lines of code and more than 15 new 
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functions. This enhancement is integrated seamlessly with the original code of 
Hypatia, and with minimal interface change of the code, allowing Hypatia to have a 
fully automated pipeline that generates multiple near-optimal solutions with zero 
manual intervention. 

The script reads, optimizes, identifies technologies, modifies and adjusts parameters, 
and reruns the model automatically and precisely. 

Some snippets of the new functions that are used to generate alternative solutions are 
as follows: 
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The whole script of enhancements.py, including all the function with all the steps in 
greater details is in the Appendix. 

The main focus in this whole workflow and method to generate alternative solutions 
has been diversity of the technology use. The mentioned method to generate 
alternatives used two technologies (the most dominant technology and a random 
technology) to generate the alternative solutions. But can the same method be 
expanded to result in better decision space? 
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The idea that has been explored is the following: What if we choose two most 
dominant technologies and two random technologies to form the near-optimal 
solutions? Will that results in the more diverse decision space? What about three most 
dominant and three random technologies? 

Expanding the methodology to include multiple dominant and random technologies 
introduces a broader spectrum of alternative solutions, potentially leading to a more 
comprehensive decision space. By selecting two or more dominant technologies 
alongside multiple randomly chosen ones, the model can generate solutions that better 
reflect the complexity of real-world energy systems. This approach increases the 
diversity of technological mixes, allowing for a more balanced distribution of energy 
generation sources. It also helps mitigate the risk of overly concentrating on a single 
dominant technology, which might not always be the most resilient or politically 
viable choice in practice. Furthermore, incorporating more technologies in each 
iteration provides a richer dataset for policymakers to analyze trade-offs, making the 
decision-making process more robust. 

However, this expansion also raises several methodological challenges. The inclusion 
of additional technologies increases computational complexity, requiring more 
processing power and potentially longer optimization times. Moreover, selecting the 
appropriate number of dominant and random technologies introduces new 
uncertainties—how many technologies should be included, and at what point does the 
added diversity no longer contribute meaningfully to the decision space? These 
questions highlight the need for further research to determine the optimal balance 
between complexity and computational efficiency. Future studies could explore 
adaptive approaches where the number of selected technologies varies dynamically 
based on the characteristics of the energy system being modeled, ensuring a balance 
between diversity and practicality. 

To analyse this idea, a user-defined parameter has been implemented in Hypatia. It is 
called Ω. It is a parameter that controls how many technologies are combined in each 
iteration, and enables structured scalling of solution diversity. Take the following 
optimal solution as an example: 
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If Ω is put to 1, the workflow operates as explained before. The most dominant 
technology and a random technology are identified, one crossover variable is 
calculated, and an additional constraint is imposed for each technology. (2 in total) 
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Now, let’s put Ω equal to 2. In this case, the workflow works with 4 technologies in 
total. It identifies the two most dominant technologies, and selects two random 
technologies from the remaining technologies, crossing them over one by one to create 
the combined variable, and imposes additional constraints for each technology. (4 in 
total) 
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Similarly, if Ω is equal to three, the same method is being applied to 6 technologies in 
total. As it can be seen, the method does not change. The only thing changing is the 
number of technologies involved. 
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Clearly, the higher the Ω, the higher the complexity of the problem. It takes more time 
to generate the decision space, as the problem will be over-constrained and it has 
higher computational cost. On the other hand, with higher Ω we expect a more diverse 
decision space in the end, as more dominant technologies are suppressed and more 
underutilized technologies are encouraged in the alternative solutions. 
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To assess the most effective Ω for the analysis, we have assessed the decision space for 
a sample reference energy system (RES), analysing how the outcome changes with the 
change of Ω. 

The reference energy system for this assessment has been the following: 
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The decision space of a sample RES with Ω equal to one is the following: 
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It can be seen that we already have a decision space with an acceptable diversity. We 
observe a desired flexibility in the use Solar PV as the most dominant technology in 
the optimal solution. The range of installed capacity of Solar PV among the solutions 
is between 13.8 to 59.8 GW, which indicates a high degree of flexibility. Note that the 
plot only shows 4 technologies for the simplicity of the interpretation of the results.  

The same method and the same RES with Ω equal to 2 results in a different decision 
space: 
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Here, we see that the decision space is not only more coherent but also offering more 
flexibility. We can see that the range of possible installed capacity of all technologies 
is broader here. This method, of course, is more time-consuming, as it works with 4 
constraints instead of 2, but results in a higher quality decision space. 

Putting Ω equal to 3, the decision space is the following: 



44 3| Results and Discussion 

 

 

 
B9AC53!.- !"!/N3!R3;979:6!D<0;3!XY!Z!+[!

 

We see that the decision space here is not necessarily better than the previous results. 
The reason is the over-constrained problem, that cannot be solved until the constraint 
are adjusted to the point that they do not result in a quality near-optimal solution. It is 
also much more time-consuming than the previous two inputs for Ω. 

To conclude, we see that there is a trade-off in this method. Working with higher 
number of technologies to generate the alternative solutions result in the higher quality 
of the decision space until a certain point. After that, increase the number of involved 
players complicates the problem with no sensible outcome of quality. Of course, all of 
the inputs result in a decision space in the end. The difference is the time and the 
diversity of the solutions. For the analysis of the Italian energy sector, Ω of 2 has been 
selected as the best compromise of quality and speed. 

This finding underscores the importance of carefully calibrating the parameters of 
alternative solution generation to strike a balance between computational efficiency 
and decision space quality. While increasing the number of involved technologies can 
improve the diversity of solutions, it is evident that beyond a certain threshold, the 
marginal benefits diminish while the computational burden continues to rise. This 
highlights the need for methodological refinement, particularly in defining adaptive 
heuristics that adjust the number of selected technologies based on system complexity 
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and computational resources. Future work could explore machine learning techniques 
to dynamically determine the optimal Ω value for different case studies, ensuring a 
more tailored approach rather than relying on a fixed number. 

Moreover, the selection of Ω = 2 for the Italian energy sector suggests that energy 
system characteristics play a crucial role in determining the effectiveness of this 
methodology. Factors such as technological maturity, market structure, and policy 
constraints influence the ideal number of technologies for alternative solution 
generation. In different case studies, particularly those involving more volatile energy 
markets or regions with less technological diversification, a different Ω value might 
yield better results. Therefore, further validation of this approach across various 
geographic and economic contexts is necessary to refine its general applicability and 
enhance its usability as a decision-support tool. 

The main objective of the study has been achieved. Hypatia is enhanced with a fully 
automated pipeline of over 1700 lines of python code that generates near-optimal 
solutions with no manual intervention. It uses the innovative crossover technique of 
heuristic methods to effectively generate the alternative solutions. It can generate a 
high number of solutions with great diversity in a short time. Last but not least, it 
includes a lot of user input customizations like the number of solutions, the cost slack, 
and the number of technologies involved in the method. (Ω) 
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The enhanced workflow of Hypatia has been applied to the following reference energy 
system of Italy: 
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First of all, we obtain the optimal solution to that problem. 
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This is the technology mix suggested by the cost-minimization result of the Hypatia. 
As we can see, there is only one single solution. It offers no flexibility, and the 
policymaker preferences does not matter. It takes into account only the cost, and other 
criteria important to the policymaker are not considered. It might not even be feasible 
in the real world. 

This limitation highlights the need for exploring a broader decision space that accounts 
for real-world complexities beyond cost minimization. Energy transitions are 
influenced by multiple factors, including social acceptance, geopolitical 
considerations, infrastructure constraints, and long-term sustainability goals. A single 
cost-optimal solution fails to capture these dimensions, potentially leading to 
unrealistic policy recommendations. By integrating alternative solutions that allow for 
flexibility in technology selection, policymakers can make more informed decisions 
that align with broader societal and strategic objectives rather than being constrained 
by purely economic optimization. 

Next, we can see the optimal solution result, alongside with 3 near-optimal solutions 
for the same RES. Note that all these solutions are not more than 5% more expensive 
than the optimal solution, and all are feasible. 
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With only 3 near-optimal solutions, we can see the flexibility in the planning. Not only 
we can see the most-important technologies, but we can also see that for all technology 
there is a range of outcomes.  

If we increase the number of solutions to 100: 
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Now, we have what we call the “Decision Space”. This range of outcomes provides 
valuable insight into the resilience and adaptability of the energy system. By 
examining multiple near-optimal solutions, policymakers can identify trade-offs 
between different technologies, assess the impact of external uncertainties, and 
develop more robust strategies that accommodate future changes in market 
conditions, technological advancements, or policy shifts. Additionally, understanding 
the variability in technology deployment allows for more informed investment 
decisions, ensuring that the energy transition remains both cost-effective and aligned 
with long-term sustainability goals. 

Compared to the single optimal solution, this decision space offers flexibility. We can 
see that Solar PV and Wind power plants are the most important ones for the future. 
However, we can also see that there are feasible solutions where Solar and Wind are 
not required that much. The Policymaker now can make a decision, based on the 
preferences, and considering other metrics than cost. The decision space is not solely 
for the electricity generation technology. As we can see, even among the technologies 
producing hydrogen, we can have different pathways to achieve the same goal. 
(meeting the demand) It is also much more possible to have a real-world feasible 
solution in this decision space, than in the single optimal solution. 

In the following plot, we see the difference in the cost of each solution. Obviously, the 
first run (Run 0, the optimal solution) has the lowest cost among all the solutions. 
However, we observe, that despite the substantial differences in the energy mix of each 
solution, the total accumulated cost of the system by 2050, never surpass the 5% that 
has been the user input. This shows the high effectiveness of the method to achieve a 
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great amount of diversity, while staying significantly close to the optimal cost. This is 
not the case in other methods to generate alternative solutions, as they usually require 
a much higher cost slack (around 20%), to generate a decision space with such a 
diversity and flexibility in technology use. 
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In the following plot, we see the difference in total accumulated CO!  emissions 
corresponding to each solution. In this plot, the optimal solution does not have the 
lowest amount of emissions, simply because the initial run has been the cost 
minimization run. We see now, that in this decision space we have different solutions 
that may lead to a lower CO!  emissions, that might be of interest for a policymaker. 
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There are a lot of other criteria to assess an energy plan based on. A policymaker might 
desire a short-term financial advantage or prefer long-term sustainability. The 
policymaker may prefer the use of existing infrastructure or may be interested in 
investing in a modern infrastructure that allows future enhancements. They might 
have a priority to conserve the existing local jobs in the next five years, or they might 
be interested in higher long-term employment. They might care about the public 
opinion on Nuclear use or may not. The point is, the energy planning is a complex 
multi-criteria problem, and not every one of the aspects can be optimized numerically. 
The decision space allows the policymaker to have the flexibility to take all the 
important aspects of energy planning into account, and plan accordingly. 

The decision space includes different solutions that can be very different from each 
other. As a matter of fact, this has been the criteria to assess a decision space: A good 
decision space should have diverse solutions, meaning solutions that are maximally 
different from each other. Following, we can see the solution of one of the near-optimal 
solutions (Run 43), compared to the optimal solution. 
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It is clear, that this solution is significantly different from the optimal solution. Much 
less renewables are implemented, and the capacity is replaced by natural gas power 
plants mainly. Even in the hydrogen production, we see the same trend:  steam 
methane reforming is being used to produce hydrogen instead of electrolysis. Clearly, 
this solution does not only cost more (since it’s not the optimal solution), but also emit 
more CO! : 
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Hence, even in a multi-objective optimization model that accounts for both cost and 
CO2 emissions, this solution would not emerge as optimal. However, from a 
policymaker’s perspective, the definition of “optimal” extends beyond purely 
economic and environmental considerations. Policymakers must balance multiple 
dimensions, including socio-economic stability, energy security, and public 
acceptance. 

This particular solution might be preferable due to several key factors: 

¥! Preservation of Existing Infrastructure & Avoidance of Stranded Assets: 
Investing in new energy infrastructure often leads to stranded assets, where 
existing power plants and facilities become obsolete, resulting in financial 
losses. Several policymakers in Italy have emphasized the need to extend the 
lifetime of conventional energy infrastructure to protect public and private 
investments. [49] 

¥! Job Security & Local Economic Stability: Energy transitions can disrupt 
employment, particularly in regions heavily dependent on conventional power 
generation. The coal phase-out debate in Italy highlights concerns over job 
losses and the need for economic support for affected workers. [49] 

¥! Land Use Conflicts & Societal Opposition: The expansion of renewable energy 
has increasingly faced opposition from local communities, especially in regions 
where land is already in high demand for agriculture, tourism, and urban 
development. For instance, wind and solar projects in Tuscany and Puglia have 
sparked protests over concerns that they disrupt the landscape, affect tourism 
revenues, and limit agricultural land use. [49] 

¥! Community Acceptance (NIMBY Effect): Public opposition—often termed the 
“Not In My Backyard” (NIMBY) phenomenon—has delayed or halted 
numerous energy projects in Italy. The NIMBY Forum reports multiple cases 
where local communities have resisted infrastructure development due to 
concerns over noise, aesthetics, and land competition. [49] 

¥! Energy Security & Dispatchability: Unlike renewables, which are intermittent 
and weather-dependent, dispatchable energy sources provide stable electricity 
generation. Policymakers must ensure that the grid remains reliable, 
particularly during peak demand periods and extreme weather events. [49] 

¥! Political Considerations & Public Perception: Energy policy decisions are 
shaped by public sentiment and political feasibility. Policymakers often 
prioritize solutions that align with voter concerns, electoral promises, and the 
broader political landscape. 

 

Clearly, while this solution does not align with Italy’s long-term environmental goals, 
it is not the modeler’s role to dictate policy choices. Instead, it is crucial to present all 
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possible options, ensuring that decision-makers are fully informed about the trade-offs 
involved. 

 

Following, we see another near-optimal solution (Run 74) with significant difference 
with the other solutions: 
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In this solution, we see a much higher integration of renewable energy sources. 
Notably, it ensures zero emissions by 2050, aligning with one of Italy’s key 
environmental goals. We observe that no fossil fuel power plants remain operational 
in 2050, and all hydrogen demand is met through electrolysis. While this solution is 
more costly than the optimal solution, it results in lower cumulative CO2 emissions 
over the years and guarantees zero emissions in the long run. 
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From a policymaker’s perspective, this scenario presents both opportunities and 
challenges. The appeal of a fully renewable system stems from several factors: 

¥! Climate Change Mitigation & Policy Commitments: Italy has committed to 
net-zero emissions targets under EU climate policies. This solution ensures 
compliance with international agreements and strengthens Italy’s leadership in 
decarbonization. [1] 

¥! Energy Independence & Security: By relying solely on domestic renewable 
energy sources, this scenario reduces Italy’s dependence on fossil fuel imports, 
shielding the economy from price volatility and geopolitical risks. [49] 

¥! Job Creation in the Green Economy: The transition to renewables can drive 
employment growth in sectors such as solar, wind, and battery storage 
manufacturing, offsetting job losses in conventional energy industries. [49] 

¥! Public Health Benefits: Eliminating fossil fuel-based power generation leads 
to improved air quality and lower healthcare costs related to pollution. [49] 

However, this scenario also poses significant practical challenges that policymakers 
must consider: 

¥! High Infrastructure Costs & Investment Risks: Transitioning to a 100% 
renewable system requires extensive upgrades in grid infrastructure, battery 
storage, and hydrogen production facilities. Policymakers must weigh the 
economic feasibility and financing mechanisms to support this transition. [49] 

¥! Land Use Conflicts & Public Opposition: Large-scale renewable energy 
projects, particularly wind and solar farms, often face opposition from local 
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communities. The NIMBY (Not In My Backyard) effect has been observed in 
several regions of Italy, where concerns over landscape changes, agricultural 
displacement, and tourism impacts have led to resistance against renewable 
energy expansion. [49] 

¥! Grid Stability & Storage Requirements: A fully renewable system depends on 
weather conditions, making it necessary to invest heavily in battery storage and 
grid flexibility solutions. Policymakers need to ensure that such investments are 
cost-effective and technologically feasible. [49] 

 

Clearly, while this solution aligns with Italy’s long-term sustainability goals, it 
demands a significant transformation of the energy system. It is not the modeler’s role 
to determine policy choices; rather, it is essential to present all trade-offs so that 
policymakers can make informed decisions based on their priorities. 

 

Following, two other solutions from the decision space are selected: 
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Both of these near-optimal solutions remain economically viable, staying within 5% of 
the optimal cost, while demonstrating that major renewable energy sources are not 
irreplaceable. Specifically, Run 59 relies far less on Solar PV, while Run 7 significantly 
reduces the role of Wind power. Despite renewables being a cornerstone of Italy’s 2050 
energy strategy, these results show that there are multiple pathways to meeting energy 
demand, and no single technology is indispensable. 

This flexibility is particularly relevant in light of geopolitical and supply chain risks. 
The Ukraine war underscored Europe’s reliance on imported energy technologies and 
materials, leading to renewed debates on energy resilience and diversification. One 
major concern is Italy’s dependence on China for solar PV production, as China 
dominates the global supply of solar cells, wafers, and key raw materials like 
polysilicon. If geopolitical tensions or trade restrictions were to disrupt this supply, 
Italy would need alternative strategies to avoid delays in its energy transition. The 
findings of this study confirm that viable pathways exist where Solar PV plays a 
reduced role, without compromising feasibility or cost-effectiveness. 

Similarly, reducing reliance on Wind power, as seen in Run 7, can be advantageous 
given the land-use conflicts and NIMBY opposition that wind projects face in Italy. 
Public resistance has been particularly strong in regions where tourism, agriculture, 
and landscape preservation are key economic drivers. The ability to design scenarios 
with less dependence on wind energy provides policymakers with alternative 
solutions that balance clean energy targets with local economic and social concerns. 

Ultimately, these results reinforce a fundamental advantage of near-optimal solutions: 
they provide energy security and adaptability. By exploring a broad decision space, 
policymakers can develop strategies that mitigate external risks—whether they stem 
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from geopolitical instability, supply chain disruptions, or public opposition—while 
still advancing Italy’s decarbonization goals. 

 

These has been only four of the solutions available in the decision space, and the 
decision space has been formed with the use of only 100 solutions. The number of 
solutions and the quality of them is a user input, and also is the reference energy 
system. The RES can include different regions, higher precisions in the site location of 
the renewable power plants, different sectors to be interconnected, and different kinds 
of energy carriers to consider. The decision space can offer flexibility in all of these 
scenarios. With the application of the mentioned reference energy system of Italy, and 
among 100 near-optimal solutions, we witness a high degree of flexibility in 
technology use. We note which technologies are the most important ones, while 
understanding that almost no technology is irreplaceable. Each solution has some pros 
and some cons, and there is no right and wrong among solutions. In the end, it is just 
what the policymaker desires in the decision space. 
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#! Conclusion and Future 
Developments 

In energy systems modeling, the concept of decision space and near-optimal solutions 
is crucial for achieving practical and robust outcomes. Traditional optimization 
approaches often focus on finding a single “optimal” solution based on predefined 
objectives such as cost minimization or emission reduction. However, in real-world 
energy planning, uncertainties in demand forecasts, technology costs, policy changes, 
and system constraints make relying on a single solution risky. By considering a 
broader decision space—where multiple near-optimal solutions are explored within a 
predefined slack range—modelers can better capture the flexibility and trade-offs 
available in system design. This approach allows decision-makers to evaluate 
alternative strategies that may offer similar performance but differ in their feasibility, 
resilience, or adaptability to future changes. 

Near-optimal solutions enhance the decision-making process by offering a diverse set 
of viable pathways rather than a rigid, singular outcome. This is particularly important 
in energy transition planning, where policymakers and stakeholders must balance 
competing objectives such as affordability, sustainability, and security of supply. 
Exploring near-optimal solutions helps identify system configurations that are not 
only cost-effective but also more robust against uncertainties. For instance, a slightly 
higher-cost solution might provide greater grid resilience or facilitate the integration 
of renewable energy sources more effectively. By embracing decision space analysis, 
energy modelers can support more informed, adaptive, and resilient energy transition 
strategies that align with both current needs and long-term sustainability goals. 

In open-source energy modeling platforms, simple and automated methods for 
generating alternative solutions play a crucial role in enhancing accessibility, 
scalability, and decision-making efficiency. Traditional optimization models often 
require extensive manual adjustments and expert knowledge to explore alternative 
solutions, making the process time-consuming and less transparent. By integrating 
automated methods that generate diverse near-optimal solutions within a predefined 
range, these platforms can provide users with multiple feasible options without 
requiring deep technical expertise. This not only democratizes energy modeling but 
also supports policymakers, researchers, and industry stakeholders in identifying 
resilient and adaptable strategies under uncertainty. Furthermore, automation 
improves reproducibility and comparability in energy studies, ensuring that 
alternative scenarios can be systematically analyzed and refined based on evolving 
real-world conditions. 
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The enhancements introduced to Hypatia significantly improved its ability to generate 
near-optimal solutions with minimal user intervention. By integrating a fully 
automated pipeline with over 1700 lines of Python code, the tool can now efficiently 
explore the decision space of energy systems, providing policymakers with a broader 
range of viable alternatives. The key innovation of this enhancement is the 
introduction of the Ω parameter, which allows structured scaling of solution diversity 
by controlling the number of technologies involved in each iteration. As demonstrated 
in the analysis, increasing Ω enhances the flexibility of the decision space, though it 
also introduces higher computational complexity. The results indicate that Ω = 2 offers 
the best balance between computational cost and diversity, enabling the generation of 
high-quality alternative solutions while maintaining efficiency. 

When applied to the Italian energy sector, the enhanced model of Hypatia 
demonstrated its ability to generate a diverse set of near-optimal solutions. The initial 
cost-minimization run resulted in a single optimal solution that lacked flexibility and 
did not consider factors beyond cost. However, by generating 100 near-optimal 
solutions, the decision space expanded significantly, revealing a range of feasible 
energy mixes that still adhered to a strict cost constraint of +5% over the optimal 
solution. This decision space provided insights into the trade-offs between different 
energy technologies, highlighting the critical role of Solar PV and Wind power while 
also showcasing alternative pathways where their share could be adjusted based on 
policy preferences. 

The analysis further demonstrated that despite the variations in energy mixes, the total 
system cost remained within a reasonable range, ensuring economic feasibility. 
Additionally, the total accumulated CO2 emissions across different solutions varied 
significantly, indicating that the decision space includes options with lower emissions 
than the cost-optimal solution. This flexibility allows policymakers to prioritize 
sustainability alongside cost considerations, offering a more realistic and adaptable 
framework for long-term energy planning. 

Overall, the study successfully achieved its objective by enhancing Hypatia with an 
automated and scalable approach for generating alternative solutions. The results 
highlight the value of this tool in facilitating more informed energy planning decisions, 
allowing stakeholders to account for a wide range of economic, environmental, and 
social factors. With its ability to efficiently generate diverse decision spaces, this 
method represents a significant advancement in open-source energy modeling and can 
be applied globally to support more effective policy development. 

The advancements made in this study pave the way for several future developments 
in the field of automated energy system modeling. One promising direction is the 
integration of machine learning techniques to further enhance the generation of near-
optimal solutions. By training models on past optimization runs, it would be possible 
to predict promising alternative solutions without needing to rerun the entire 
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optimization process. This could significantly reduce computational costs while 
maintaining a high-quality decision space. Additionally, the inclusion of multi-
objective optimization frameworks that consider factors such as social acceptability, 
resilience, and geopolitical risks could refine the decision-making process, ensuring 
that solutions align more closely with real-world constraints and policy priorities. 
Moreover, incorporating stochastic elements into the model would allow for better 
handling of uncertainties in future energy demand, technology costs, and climate 
policies, making the decision space even more robust and applicable to long-term 
energy planning. 

Another key area for future development is the expansion of this methodology to 
include sector coupling and cross-border energy interactions. The current approach 
focuses primarily on electricity generation and hydrogen production, but integrating 
heating, transportation, and industrial energy demands could provide a more 
comprehensive view of the energy transition. This would enable policymakers to 
explore synergies between different sectors, optimizing energy use across the entire 
economy. Additionally, expanding the scope to regional and international energy 
trade would allow for the assessment of cross-border cooperation strategies, such as 
joint renewable energy projects and energy storage sharing. Finally, enhancing the 
usability of this tool by integrating a graphical user interface (GUI) could make it more 
accessible to non-expert policymakers and stakeholders, ensuring that the benefits of 
automated decision-space generation reach a broader audience and contribute to more 
informed, data-driven policy decisions. 
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$ ! Appendix A 

The script “enhancements.py”, developed to enable Hypatia to generate the decision 
space using an automated workflow. 

 

def  identify_technology_order ( self , new_capacity_path , result_path ):  

        """  

        Identify the order of technologies based on their appearance in the initial run.  

 

        This function reads a CSV file containing new capacity data for various technologies.  

        It identifies the unique technologies and assigns an order based on their appearance  

        in the file, returning a dictionary that maps each technology to its respective order.  

 

        Parameters:  

        new_capacity_path (str): Path to the CSV file containing new capacity data.  

 

        Returns:  

        dict: A dictionary mapping each technology name (str) to its corresponding order number (int).  

        """  

 

        # Read the CSV file into a DataFrame  

        new_capacity_df  = pd. read_csv ( new_capacity_path )  

         

        # Identify the unique technologies present in the 'Technology' column  

        technologies_order  = new_capacity_df [ 'Technology' ]. unique ()  

 

        # Create a dictionary where each technology is mapped to its order (starting from 1)  

        technology_order_mapping  = { tech : i  + 1 for  i , tech  in  enumerate ( technologies_order )}  

 

        # Convert the dictionary to a DataFrame  

        order_df  = pd. DataFrame ( list ( technology_order_mapping . items ()), columns =[ 'Technology' , 'Order' ])  

         

        # Ensure the result_path directory exists (optional)  

        os . makedirs ( result_path , exist_ok =True )  

         

        # Save the mapping to a CSV file in the results folder  

        order_df . to_csv ( os . path . join ( result_path , 'technology_order_mapping.csv' ), index =False )  

     

        # Return the dictionary with technology - order mappings  

        return  technology_order_mapping  
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def  find_technologies ( self , new_capacity_path , technology_order_mapping ):  

        """  

        Find and summarize technology data from the new capacity dataset.  

 

        This function identifies the top 3 technologies with the highest total values and selects  

        4 random technologies from the remaining ones. It also keeps one `max_technology` (highest)  

        and one `random_technology` (from the selected random technologies) for compatibility with  

        existing functions.  

 

        Parameters:  

        new_capacity_path (str): Path to the CSV file containing new capacity data.  

        technology_order_mapping (dict): A dictionary mapping technologies to their respective order.  

 

        Returns:  

        tuple: Contains the following elements:  

            -  max_technology (str): The technology with the highest total value (used in other functions).  

            -  max_value (float): Total value of the max_technology.  

            -  max_order (int): Order of the max_technology.  

            -  random_technology (str): A randomly selected technology from the remaining ones.  

            -  random_value (float): Total value of the random_technology.  

            -  random_order (int): Order of the random_technology.  

            -  max_technologies (list of str): Top 3 technologies with the highest total values.  

            -  random_technologies (list of str): 4 randomly selected technologies from the remaining ones.  

            -  technologies_list (list of tuples): List of all technologies with their orders and total values.  

        """  

        # Forbidden technologies that will not be considered as max or random  

        forbidden_technologies  = [  

            "Elec_distribution" , "Bio_oil_supply" , "Crude_oil_supply" , "NG_supply" , "SFF_supply" ,  

            "BW_supply" , "Hydrogen_supply" , "OP_supply" , "Electricity_imports" , "Oil_refinery" ,  

            "Bio_refinery" , "Transport_biofuels_blending" , "BW_CHP_P", "NG_CHP_P", "Transport_mix" ,  

            "Industry_mix" , "Civil_and_agriculture_mix" , "Export_mix" , "Elec_transmission_distribution" ,  

            "SoSCO2_lr" , "SoSCO2_agg" , "Allam_PP" , "Biofuels_mix" , "Primary_mix" , "Residential_mix" ,  

            "Services_mix" , "Pump_hydro_ST" , "Electrochemical_ST" , "Hydrogen_ST" , "Methane_pyrolysis" ,  

            "Oil_supply" , "Oil_PP" , "SFF_PP" , "Industrial_mix"  

             

        ]  

 

        new_capacity_df  = pd. read_csv ( new_capacity_path )  

        tech_sum  = new_capacity_df . groupby ( 'Technology' )[ 'Value' ]. sum()  

 

        # Create a list of (order, tech, value) but we mainly rely on tech_sum for sorting  

        technologies_list  = [( technology_order_mapping [ tech ], tech , tech_sum [ tech ]) for  tech  in  tech_sum . index ]  

 

        allowed_technologies  = tech_sum . drop ( labels =forbidden_technologies , errors ='ignore' )  

 

        # Get top 3 technologies by largest total values  

        top_3  = allowed_technologies . nlargest ( 3)  

        max_technologies  = top_3 . index . tolist ()  

        max_values  = top_3 . values . tolist ()  
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        # Explicit check (not strictly needed, nlargest is already sorted)  

        # Just here for clarity and reassurance  

        tech_value_pairs  = list ( zip ( max_technologies , max_values ))  

        tech_value_pairs . sort ( key =lambda  x: x[ 1], reverse =True )  

        max_technologies  = [ tv [ 0] for  tv  in  tech_value_pairs ]  

        max_values  = [ tv [ 1] for  tv  in  tech_value_pairs ]  

 

        # Exclude the top 3 technologies from the remaining set  

        remaining_technologies  = allowed_technologies . drop ( labels =max_technologies )  

         

        # Introduce randomness seed for diversity (optional)  

        random . seed ( None)  # None uses system time  

         

        # Ensure we have a sufficient pool. If very small, you might get repetition  

        remaining_list  = remaining_technologies . index . tolist ()  

        if  len ( remaining_list ) == 0:  

            # If no technologies left for random selection, handle gracefully  

            random_technologies  = []  

        else :  

            random_technologies  = random . sample ( remaining_list , min ( 3, len ( remaining_list )))  

 

        random_values  = [ remaining_technologies [ tech ] for  tech  in  random_technologies ] if  random_technologies  else  []  

        random_orders  = [ technology_order_mapping [ tech ] for  tech  in  random_technologies ] if  random_technologies  else  []  

 

        max_technology  = max_technologies [ 0]  

        max_value  = max_values [ 0]  

        max_orders  = [ technology_order_mapping [ tech ] for  tech  in  max_technologies ]  

        max_order  = max_orders [ 0]  

 

        second_max_technology  = max_technologies [ 1] if  len ( max_technologies ) > 1 else  None 

        second_max_value  = max_values [ 1] if  len ( max_values ) > 1 else  None 

        second_max_order  = max_orders [ 1] if  len ( max_orders ) > 1 else  None 

 

        third_max_technology  = max_technologies [ 2] if  len ( max_technologies ) > 2 else  None 

        third_max_value  = max_values [ 2] if  len ( max_values ) > 2 else  None 

        third_max_order  = max_orders [ 2] if  len ( max_orders ) > 2 else  None 

 

        random_technology  = random_technologies [ 0] if  random_technologies  else  None 

        random_value  = random_values [ 0] if  random_values  else  None 

        random_order  = random_orders [ 0] if  random_orders  else  None 

 

        second_random_technology  = random_technologies [ 1] if  len ( random_technologies ) > 1 else  None 

        second_random_value  = random_values [ 1] if  len ( random_values ) > 1 else  None 

        second_random_order  = random_orders [ 1] if  len ( random_orders ) > 1 else  None 

 

        third_random_technology  = random_technologies [ 2] if  len ( random_technologies ) > 2 else  None 

        third_random_value  = random_values [ 2] if  len ( random_values ) > 2 else  None 

        third_random_order  = random_orders [ 2] if  len ( random_orders ) > 2 else  None 
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        return  (  

            max_technology , max_value , max_order ,  

            second_max_technology , second_max_value , second_max_order ,  

            third_max_technology , third_max_value , third_max_order ,  

            random_technology , random_value , random_order ,  

            second_random_technology , second_random_value , second_random_order ,  

            third_random_technology , third_random_value , third_random_order ,  

            max_technologies , random_technologies ,  

            technologies_list  

        )  

 

!

def  find_last_year_values ( self , total_capacity_path , max_technology , random_technology ):  

        """  

        Retrieve the capacity values for the max and random technologies in the last year of the dataset.  

 

        Parameters:  

        total_capacity_path (str): Path to the CSV file containing total capacity data.  

        max_technology (str): The technology with the highest total value.  

        random_technology (str): The randomly selected technology.  

 

        Returns:  

        tuple: Contains the following elements:  

            -  last_year (int/str): The last year in the dataset.  

            -  max_technology_value (float): The capacity value for the max_technology in the last year.  

            -  random_technology_value (float): The capacity value for the random_technology in the last year.  

        """  

        # Read the total capacity CSV file into a DataFrame  

        total_capacity_df  = pd. read_csv ( total_capacity_path )  

 

        # Identify the last year available in the 'Datetime' column  

        last_year  = total_capacity_df [ 'Datetime' ]. max()  

 

        # Filter the DataFrame to only include data for the last year  

        last_year_df  = total_capacity_df [ total_capacity_df [ 'Datetime' ] == last_year ]  

 

        # Retrieve the capacity value for the max_technology in the last year  

        max_technology_value  = last_year_df [ last_year_df [ 'Technology' ] == max_technology ][ 'Value' ].values[ 0]  

 

        # Retrieve the capacity value for the random_technology in the last year  

        random_technology_value  = last_year_df [ last_year_df [ 'Technology' ] == random_technology ][ 'Value' ].values[ 0]  

 

        return  last_year , max_technology_value , random_technology_value  

 

!

def  calculate_total_cost ( self , run_result_path ):  

        """  

        Calculate the total cost for a given run based on the 'tech_cost.csv' file.  
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        This function reads a CSV file containing the cost data for various technologies and sums the values  

        to calculate the total cost for the run. If the file is not found, it attempts to generate it by  

        calling another method and raising an error if the file still doesn't exist.  

 

        Parameters:  

        run_result_path (str): Path to the directory where the run results are stored.  

 

        Returns:  

        float: The total cost for the run.  

        """  

         

        # Define the path to the 'tech_cost.csv' file within the results directory  

        tech_cost_file_path  = os . path . join ( run_result_path , "tech_cost.csv" )  

 

        # Check if the 'tech_cost.csv' file exists at the specified path  

        if  not  os . path . exists ( tech_cost_file_path ):  

            print ( f "Warning: { tech_cost_file_path }  not found. Attempting to generate it." )  

             

            # Attempt to generate or save the file by calling the 'to_csv' method  

            self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

             

            # If the file still doesn't exist after attempting to generate it, raise an error  

            if  not  os . path . exists ( tech_cost_file_path ):  

                raise  FileNotFoundError ( f " { tech_cost_file_path }  not found after attempting to generate it. Ensure the results are saved 

correctly." )  

         

        # Read the 'tech_cost.csv' file into a DataFrame  

        tech_cost_df  = pd. read_csv ( tech_cost_file_path )  

         

        # Calculate the total cost by summing the values in the 'Value' column of the DataFrame  

        total_cost  = tech_cost_df [ 'Value' ]. sum()  

 

        # Return the total cost for the run  

        return  total_cost  

 

!

def  calculate_total_emissions ( self , run_result_path ):  

        """  

        Calculate the total CO2 emissions for a given run based on the 'emissions.csv' file.  

 

        This function reads a CSV file containing emissions data for different technologies. It sums the  

        values in the 'Value' column to calculate the total CO2 emissions for the run. If the file is missing,  

        it returns 0.0 and prints a warning.  

 

        Parameters:  

        run_result_path (str): Path to the directory where the run results are stored.  

 

        Returns:  

        float: The total CO2 emissions for the run.  

        """  
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        # Define the path to the 'emissions.csv' file in the results directory  

        emissions_file_path  = os . path . join ( run_result_path , "emissions.csv" )  

 

        # Check if the 'emissions.csv' file exists at the specified path  

        if  not  os . path . exists ( emissions_file_path ):  

            print ( f "Warning: { emissions_file_path }  not found. Unable to calculate emissions." )  

            return  0.0   # Return 0.0 if the file is not found  

         

        # Read the 'emissions.csv' file into a DataFrame  

        emissions_df  = pd. read_csv ( emissions_file_path )  

         

        # Calculate the total CO2 emissions by summing the values in the 'Value' column  

        total_emissions  = emissions_df [ 'Value' ]. sum()  

 

        # Return the total CO2 emissions for the run  

        return  total_emissions  

 

!

def  modify_input_parameters_combine ( self , new_capacity_path , total_capacity_path , param_path , C, max_technology , random_technology , 

technology_order_mapping , reset_specific =False ):  

        """  

        Modify the input parameters in the 'Min_totalcap' and 'Max_totalcap' sheets based on the results of  

        the current run and adjust capacity limits for max and random technologies.  

 

        This function reads an Excel file containing parameter sheets, modifies the capacity limits for the  

        specified max and random technologies, and then saves the modified sheets back to the file.  

 

        Parameters:  

        new_capacity_path (str): Path to the CSV file containing new capacity data.  

        total_capacity_path (str): Path to the CSV file containing total capacity data.  

        param_path (str): Path to the directory containing the 'parameters_reg1.xlsx' file.  

        C (float): Adjustment factor to modify the capacity limits.  

        max_technology (str): The technology with the maximum value in the new capacity data.  

        random_technology (str): The randomly selected technology from the new capacity data.  

        technology_order_mapping (dict): A dictionary mapping technologies to their order in the parameter file.  

        reset_specific (bool): If True, resets specific capacity values for max and random technologies.  

 

        Returns:  

        None 

        """  

         

        # Define the path to the 'parameters_reg1.xlsx' file  

        param_file_path  = os . path . join ( param_path , "parameters_reg1.xlsx" )  

 

        # Find technologies and their corresponding values and orders  

        ( max_technology , x, max_order ,  

            _, _, _,  

            _, _, _,  
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            random_technology , u, random_order ,  

            _, _, _,  

            _, _, _,  

            max_technologies , random_technologies ,  

            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

 

        # Find the values for the max and random technologies in the last year of total capacity  

        _, T1, T2 = self .find_last_year_values( total_capacity_path , max_technology , random_technology )  

         

        # Load the Excel file containing the parameters  

        excel_data  = pd. ExcelFile ( param_file_path )  

 

        # Read all sheets from the Excel file into a dictionary  

        sheets_dict  = pd. read_excel ( excel_data , sheet_name =None, header =None)  

 

        # Read the 'Min_totalcap' and 'Max_totalcap' sheets into DataFrames  

        min_totalcap_df  = sheets_dict [ 'Min_totalcap' ]. copy ()  

        max_totalcap_df  = sheets_dict [ 'Max_totalcap' ]. copy ()  

 

        # Debugging: Print the initial state of the DataFrames  

        print ( "Initial Min_totalcap DataFrame:" )  

        print ( min_totalcap_df . head ())  

        print ( "Initial Max_totalcap DataFrame:" )  

        print ( max_totalcap_df . head ())  

 

        if  reset_specific :  

            # If reset_specific is True, reset the capacity limits for max and random technologies only  

            max_tech_col_index  = max_order   # Column index for max_technology (1 - based index)  

            random_tech_col_index  = random_order   # Column index for random_technology (1 - based index)  

 

            # Set the minimum capacity for max_technology and random_technology to zero  

            min_totalcap_df . iloc [ 3:, max_tech_col_index ] = 0 

            min_totalcap_df . iloc [ 3:, random_tech_col_index ] = 0 

 

            # Set the maximum capacity for both technologies to a large number  

            max_totalcap_df . iloc [ 3:, max_tech_col_index ] = 10** 10 

            max_totalcap_df . iloc [ 3:, random_tech_col_index ] = 10** 10 

        else :  

            # Get the list of years from column A (starting from the fourth row)  

            years  = min_totalcap_df . iloc [ 3:, 0]. tolist ()  

 

            # Find the column indices for max and random technologies based on their order  

            max_tech_col_index  = max_order   

            random_tech_col_index  = random_order   

 

            # Loop through the years and modify the capacity values  

            for  i , year  in  enumerate ( years ):  

                if  i  == len ( years ) -  1:  # Only modify the last year for random technology  

                    if  T2 + C < 0:  

                        min_totalcap_df . iat [ i  + 3, random_tech_col_index ] = 0 
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                    else  :  

                        min_totalcap_df . iat [ i  + 3, random_tech_col_index ] = T2 + C 

 

                # Adjust the maximum capacity values for both max_technology and random_technology  

                max_totalcap_df . iat [ i  + 3, max_tech_col_index ] = T1 -  C 

                if  T2 + C < 0:  

                    max_totalcap_df . iat [ i  + 3, random_tech_col_index ] = 10** 10 

                else  :  

                    max_totalcap_df . iat [ i  + 3, random_tech_col_index ] = T2 + C 

 

        # Debugging: Print the modified DataFrames  

        print ( "Modified Min_totalcap DataFrame:" )  

        print ( min_totalcap_df . iloc [ 3:]. head ())  

        print ( "Modified Max_totalcap DataFrame:" )  

        print ( max_totalcap_df . iloc [ 3:]. head ())  

 

        # Update the sheets dictionary with the modified DataFrames  

        sheets_dict [ 'Min_totalcap' ] = min_totalcap_df  

        sheets_dict [ 'Max_totalcap' ] = max_totalcap_df  

 

        # Save all modified sheets back to the Excel file using a temporary file  

        with  tempfile . NamedTemporaryFile ( delete =False , suffix =".xlsx" ) as  tmp :  

            temp_file_path  = tmp . name 

 

        # Write the updated data back to the Excel file  

        with  pd. ExcelWriter ( temp_file_path , engine ='openpyxl' ) as  writer :  

            for  sheet_name , df  in  sheets_dict . items ():  

                # Write the modified sheets back to the Excel file, excluding headers  

                df . to_excel ( writer , sheet_name =sheet_name , index =False , header =False )  

 

        # Replace the original parameters file with the modified temporary file  

        shutil . move( temp_file_path , param_file_path )  

 

        # Debugging: Confirm that the file has been saved successfully  

        print ( f "Parameters modified and saved to { param_file_path } " )  

 

!

def  run_with_adjustments ( self , new_capacity_path , total_capacity_path , param_path , technology_order_mapping , maximum_allowable_cost , 

solver ='gurobi' ):  

        """  

        Run the model and adjust parameters if no results are obtained or if the total cost exceeds the allowable limit.  

 

        This function runs a model using an optimization solver, adjusting input parameters if no results are obtained  

        or if the total cost exceeds the specified maximum allowable cost. It repeatedly modifies the capacity limits  

        (adjusted by parameter C) and tries again until a valid result within the allowable cost is found or it changes  

        the randomly selected technology after a set number of attempts.  

 

        Parameters:  

        new_capacity_path (str): Path to the CSV file containing new capacity data.  

        total_capacity_path (str): Path to the CSV file containing total capacity data.  
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        param_path (str): Path to the parameters Excel file.  

        technology_order_mapping (dict): A dictionary mapping technology names to their order.  

        maximum_allowable_cost (float): The maximum total cost allowed for a successful run.  

        solver (str): Solver to be used for optimization. Default is 'gurobi'.  

 

        Returns:  

        tuple: Contains the following elements:  

            -  C (float): The final adjustment factor used.  

            -  max_technology (str): The technology with the maximum value.  

            -  random_technology (str): The randomly selected technology.  

            -  T1 (float): The total capacity of max_technology in the last year.  

            -  T2 (float): The total capacity of random_technology in the last year.  

            -  total_cost (float): The total cost of the final run.  

        """  

             

        # Unpack values from find_technologies  

        ( max_technology , x, max_tech_order ,  

            second_max_technology , x2 , second_max_tech_order ,  

            third_max_technology , x3 , third_max_tech_order ,  

            random_technology , u, random_tech_order ,  

            second_random_technology , u2, second_random_tech_order ,  

            third_random_technology , u3, third_random_tech_order ,  

            max_technologies , random_technologies ,  

            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

 

        # Existing logic that uses max_technology and random_technology remains unchanged  

        _, T1, T2 = self .find_last_year_values( total_capacity_path , max_technology , random_technology )  

         

        # Adjust the logic to keep using only max_technology and random_technology  

        initial_C  = ( x + u) /  2 

        C = initial_C  

        attempt  = 0 

 

        while  self .results is  None or  ( self .results is  not  None and  self .calculate_total_cost( param_path ) > maximum_allowable_cost ):  

            if  self .results is  not  None:  

                total_cost  = self .calculate_total_cost( param_path )  

                if  total_cost  <= maximum_allowable_cost :  

                    return  C, max_technology , random_technology , T1, T2, total_cost  

 

            # Modify input parameters for the single max_technology and random_technology  

            self .modify_input_parameters_combine(  

                new_capacity_path , total_capacity_path , param_path , C, max_technology , random_technology , technology_order_mapping  

            )  

 

            # Reload input data and re - run the model  

            self .read_input_data( param_path )  

            self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

            # Adjust C for the next attempt  

            attempt  += 1 
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            C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  

 

            # Change random technology if too many attempts are made  

            if  attempt  % 20 == 0 or  C <= 0:  

                return  self .run_with_adjustments3(  

                    new_capacity_path ,  

                    total_capacity_path ,  

                    param_path ,  

                    technology_order_mapping ,  

                    maximum_allowable_cost ,  

                    solver =solver  

                )  

 

        total_cost  = self .calculate_total_cost( param_path )  

        return  C, max_technology , random_technology , T1, T2, total_cost  

 

!

def  run_multiple_solutions ( self , number_solutions , param_path , result_path , slack , solver ='gurobi' , NOS_quality =1):  

        """  

        Run the model multiple times, adjusting parameters and recording results for each run.  

 

        Parameters:  

        number_solutions (int): The total number of successful runs to complete.  

        param_path (str): Path to the directory containing the parameters for the model.  

        result_path (str): Path to the directory where run results will be saved.  

        slack (float): Percentage to add as a buffer to the optimal cost for each run.  

        solver (str): Solver to be used for optimization. Default is 'gurobi'.  

        NOS_quality (int): Determines the quality level of the decision space (1, 2, or 3).  

        """  

 

        # Validate NOS_quality input  

        if  NOS_quality  not  in  [ 1, 2, 3]:  

            raise  ValueError ( f "NOS_quality must be 1, 2, or 3. Received: { NOS_quality } " )  

 

        # Create a copy of the initial parameters directory for each run  

        initial_param_dir  = "Thesishypatia/SM01/parameters_initial"  

        if  os . path . exists ( initial_param_dir ):  

            shutil . rmtree ( initial_param_dir )  # Remove the directory if it exists  

            shutil . copytree ( param_path , initial_param_dir )  # Copy the parameter directory for the initial state  

 

        second_max_tech_value_new  = None 

        third_max_tech_value_new  = None 

 

        run_data  = []  # List to store data from each run  

 

        if  NOS_quality  == 1:  

            successful_runs  = 0  # Counter for successful runs  

            attempt  = 0  # Counter for attempts made  

            technology_order_mapping  = None  # Will store the mapping of technologies to their order  

            optimal_cost  = None  # Store the optimal cost from the first successful run  
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            maximum_allowable_cost  = None  # Store the maximum allowable cost for subsequent runs  

 

            while  successful_runs  < number_solutions :  

                # Reset parameters to initial state before each run  

                if  os . path . exists ( param_path ):  

                    shutil . rmtree ( param_path )  

                shutil . copytree ( initial_param_dir , param_path )  

 

                # Define the result path for the current run  

                run_result_path  = os . path . join ( result_path , f "Run_ { successful_runs } " )  

                os . makedirs ( run_result_path , exist_ok =True )  

 

                if  successful_runs  == 0:  

                    # For the first run, read input data and run the model  

                    self .read_input_data( param_path )  

                    self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                    # Initialize paths for capacity data from the first run  

                    new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                    total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                    # Check if the new_capacity file was created, generate it if missing  

                    if  not  os . path . exists ( new_capacity_path ):  

                        self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                    if  not  os . path . exists ( new_capacity_path ):  

                        raise  FileNotFoundError ( f " { new_capacity_path }  not found after the initial run." )  

 

                    # Identify the order of technologies based on the first run  

                    technology_order_mapping  = self .identify_technology_order( new_capacity_path , result_path )  

 

                    # Find technologies for the first run  

                    ( max_technology , x, max_tech_order ,  

                        second_max_technology , x2 , second_max_tech_order ,  

                        third_max_technology , x3 , third_max_tech_order ,  

                        random_technology , u, random_tech_order ,  

                        second_random_technology , u2, second_random_tech_order ,  

                        third_random_technology , u3, third_random_tech_order ,  

                        max_technologies , random_technologies ,  

                        technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

                    initial_C  = ( x + u) /  2  # Calculate initial adjustment factor C  

                    C = initial_C  

 

                    # Calculate the total cost for the first run and determine the maximum allowable cost  

                    optimal_cost  = self .calculate_total_cost( run_result_path )  

                    maximum_allowable_cost  = optimal_cost  *  ( 1 + slack  /  100 )  # Add slack percentage to the cost limit  

 

                    # Calculate the total emissions for the first run  

                    total_emissions  = self .calculate_total_emissions( run_result_path )  

 



76 A| Appendix A 

 

 

                else :  

                    # For subsequent runs, load data from the previous successful run  

                    new_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "new_capacity.csv" )  

                    total_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "total_capacity.csv" )  

 

                    if  not  os . path . exists ( new_capacity_path ):  

                        raise  FileNotFoundError ( f " { new_capacity_path }  not found for the run." )  

 

                    if  attempt  == 0:  

                        # Adjust parameters and find max and random technologies only once per run  

                        C, max_technology , random_technology , T1, T2, total_cost  = self .run_with_adjustments(  

                            new_capacity_path , total_capacity_path , param_path , technology_order_mapping , maximum_allowable_cost , solver  

                        )  

                        initial_C  = C  # Set initial C for subsequent adjustments  

                    else :  

                        # Adjust C by reducing it further with each attempt  

                        C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  

                        ( max_technology , x, max_tech_order ,  

                            second_max_technology , x2 , second_max_tech_order ,  

                            third_max_technology , x3 , third_max_tech_order ,  

                            random_technology , u, random_tech_order ,  

                            second_random_technology , u2, second_random_tech_order ,  

                            third_random_technology , u3, third_random_tech_order ,  

                            max_technologies , random_technologies ,  

                            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

                    self .modify_input_parameters_combine( new_capacity_path , total_capacity_path , param_path , C, max_technology , 

random_technology , technology_order_mapping )  

                    self .read_input_data( param_path )  # Ensure modified parameters are loaded  

                    self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                if  self .results is  not  None:  

                    # Save the results after a successful run  

                    self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                    # Update paths for the current successful run  

                    new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                    total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                    # Calculate the total cost for the current run  

                    total_cost  = self .calculate_total_cost( run_result_path )  

 

                    # Calculate the total emissions for the current run  

                    total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                    # If the total cost is within the allowable range, record the results  

                    if  total_cost  <= maximum_allowable_cost :  

                        _, max_tech_value_total , random_tech_value_total  = self .find_last_year_values(  

                            total_capacity_path , max_technology , random_technology  

                        )  
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                        # Recalculate the sum of new capacities for consistency  

                        new_capacity_df  = pd. read_csv ( new_capacity_path )  

                        max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == max_technology ][ 'Value' ].sum()  

                        #random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == random_technology]['Value'].sum()  

 

                        # Record the results  

                        run_data . append ((  

                            successful_runs ,  

                            max_technology  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1  

                            max_tech_value_new  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1 Value  

                            second_max_technology  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2  

                            second_max_tech_value_new  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2 Value  

                            third_max_technology  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3  

                            third_max_tech_value_new  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3 Value  

                            random_technology  if  len ( random_technologies ) > 0 else  None,  # Random Tech 1  

                            second_random_technology  if  len ( random_technologies ) > 1 else  None,  # Random Tech 2  

                            third_random_technology  if  len ( random_technologies ) > 2 else  None,  # Random Tech 3  

                            total_cost ,  # Total Cost  

                            total_emissions   # Total Emissions  

                        ))  

 

                        successful_runs  += 1  # Increment successful runs count  

                        attempt  = 0  # Reset attempt counter for the next run  

 

                    else :  

                        attempt  += 1 

                        print ( f "Attempt { attempt } : Total cost { total_cost }  exceeds maximum allowable cost { maximum_allowable_cost } . 

Adjusting parameters and retrying." )  

                        C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  # Reduce C further  

                else :  

                    attempt  += 1 

                    print ( f "Attempt { attempt } : No results. Adjusting parameters and retrying." )  

                    C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  # Reduce C for retries  

 

        elif  NOS_quality  == 2:  

            # NOS_quality = 2: Split into two phases  

            successful_runs  = 0 

            attempt  = 0 

            technology_order_mapping  = None  # Will store the mapping of technologies to their order  

            optimal_cost  = None  # Store the optimal cost from the first successful run  

            maximum_allowable_cost  = None  # Store the maximum allowable cost for subsequent runs  

 

            while  successful_runs  < number_solutions :  

                if  successful_runs  <= number_solutions  /  2:  

                    # Reset parameters to initial state before each run  

                    if  os . path . exists ( param_path ):  

                        shutil . rmtree ( param_path )  

                    shutil . copytree ( initial_param_dir , param_path )  

 

                    # Define the result path for the current run  
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                    run_result_path  = os . path . join ( result_path , f "Run_ { successful_runs } " )  

                    os . makedirs ( run_result_path , exist_ok =True )  

 

                    if  successful_runs  == 0:  

                        # For the first run, read input data and run the model  

                        self .read_input_data( param_path )  

                        self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                        # Initialize paths for capacity data from the first run  

                        new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                        # Check if the new_capacity file was created, generate it if missing  

                        if  not  os . path . exists ( new_capacity_path ):  

                            self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                        if  not  os . path . exists ( new_capacity_path ):  

                            raise  FileNotFoundError ( f " { new_capacity_path }  not found after the initial run." )  

 

                        # Identify the order of technologies based on the first run  

                        technology_order_mapping  = self .identify_technology_order( new_capacity_path , result_path )  

 

                        # Find technologies for the first run  

                        ( max_technology , x, max_tech_order ,  

                            second_max_technology , x2 , second_max_tech_order ,  

                            third_max_technology , x3 , third_max_tech_order ,  

                            random_technology , u, random_tech_order ,  

                            second_random_technology , u2, second_random_tech_order ,  

                            third_random_technology , u3, third_random_tech_order ,  

                            max_technologies , random_technologies ,  

                            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

                        initial_C  = ( x + u) /  2  # Calculate initial adjustment factor C  

                        C = initial_C  

 

                        # Calculate the total cost for the first run and determine the maximum allowable cost  

                        optimal_cost  = self .calculate_total_cost( run_result_path )  

                        maximum_allowable_cost  = optimal_cost  *  ( 1 + slack  /  100 )  # Add slack percentage to the cost limit  

 

                        # Calculate the total emissions for the first run  

                        total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                    else :  

                        # For subsequent runs, load data from the previous successful run  

                        new_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "total_capacity.csv" )  

 

                        if  not  os . path . exists ( new_capacity_path ):  

                            raise  FileNotFoundError ( f " { new_capacity_path }  not found for the run." )  

 

                        if  attempt  == 0:  
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                            # Adjust parameters and find max and random technologies only once per run  

                            C, max_technology , random_technology , T1, T2, total_cost  = self .run_with_adjustments(  

                                new_capacity_path , total_capacity_path , param_path , technology_order_mapping , maximum_allowable_cost , 

solver  

                            )  

                            initial_C  = C  # Set initial C for subsequent adjustments  

 

                        else :  

                            # Adjust C by reducing it further with each attempt  

                            C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  

                             

                            ( max_technology , x, max_tech_order ,  

                                second_max_technology , x2 , second_max_tech_order ,  

                                third_max_technology , x3 , third_max_tech_order ,  

                                random_technology , u, random_tech_order ,  

                                second_random_technology , u2, second_random_tech_order ,  

                                third_random_technology , u3, third_random_tech_order ,  

                                max_technologies , random_technologies ,  

                                technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

                        self .modify_input_parameters_combine( new_capacity_path , total_capacity_path , param_path , C, max_technology , 

random_technology , technology_order_mapping )  

                        self .read_input_data( param_path )  # Ensure modified parameters are loaded  

                        self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                    if  self .results is  not  None:  

                        # Save the results after a successful run  

                        self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                        # Update paths for the current successful run  

                        new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                        # Calculate the total cost for the current run  

                        total_cost  = self .calculate_total_cost( run_result_path )  

 

                        # Calculate the total emissions for the current run  

                        total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                        # If the total cost is within the allowable range, record the results  

                        if  total_cost  <= maximum_allowable_cost :  

                            _, max_tech_value_total , random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , max_technology , random_technology  

                            )  

 

                            # Recalculate the sum of new capacities for consistency  

                            new_capacity_df  = pd. read_csv ( new_capacity_path )  

                            max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == max_technology ][ 'Value' ].sum()  

                            #second_max_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == 

second_max_technology]['Value'].sum()  

                            #random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == random_technology]['Value'].sum()  
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                            #second_random_technology = new_capacity_df[new_capacity_df['Technology'] == 

second_random_technology]['Value'].sum()  

 

                            # Record the results  

                            run_data . append ((  

                                successful_runs ,  

                                max_technology  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1  

                                max_tech_value_new  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1 Value  

                                second_max_technology  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2  

                                second_max_tech_value_new  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2 Value  

                                third_max_technology  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3  

                                third_max_tech_value_new  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3 Value  

                                random_technology  if  len ( random_technologies ) > 0 else  None,  # Random Tech 1  

                                second_random_technology  if  len ( random_technologies ) > 1 else  None,  # Random Tech 2  

                                third_random_technology  if  len ( random_technologies ) > 2 else  None,  # Random Tech 3  

                                total_cost ,  # Total Cost  

                                total_emissions   # Total Emissions  

                            ))  

 

                            successful_runs  += 1  # Increment successful runs count  

                            attempt  = 0  # Reset attempt counter for the next run  

 

                        else :  

                            attempt  += 1 

                            print ( f "Attempt { attempt } : Total cost { total_cost }  exceeds maximum allowable cost { maximum_allowable_cost } . 

Adjusting parameters and retrying." )  

                            C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  # Reduce C further  

                    else :  

                        attempt  += 1 

                        print ( f "Attempt { attempt } : No results. Adjusting parameters and retrying." )  

                        C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  # Reduce C further  

                     

                else :  # Second half (successful_run >= number_solutions / 2)  

 

                    # Reset parameters to initial state before each run  

                    if  os . path . exists ( param_path ):  

                        shutil . rmtree ( param_path )  

                    shutil . copytree ( initial_param_dir , param_path )  

 

                    # Define the result path for the current run  

                    run_result_path  = os . path . join ( result_path , f "Run_ { successful_runs } " )  

                    os . makedirs ( run_result_path , exist_ok =True )  

 

                    # For subsequent runs, load data from the previous successful run  

                    new_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "new_capacity.csv" )  

                    total_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "total_capacity.csv" )  

 

                    if  not  os . path . exists ( new_capacity_path ):  

                        raise  FileNotFoundError ( f " { new_capacity_path }  not found for the run." )  
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                    if  attempt  == 0:  

                        # Adjust parameters and find max and random technologies for primary and secondary sets  

                        C1, C2, max_technology , random_technology , second_max_technology , second_random_technology , T1, T2, T3, T4, 

total_cost  = self .run_with_adjustments2(  

                            new_capacity_path , total_capacity_path , param_path , technology_order_mapping , maximum_allowable_cost , solver  

                        )  

                        initial_C1  = C1  # Set initial C1 for subsequent adjustments  

                        initial_C2  = C2  # Set initial C2 for subsequent adjustments  

                    else :  

                        # Adjust C1 and C2 by reducing them further with each attempt  

                        C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                        C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

 

                        # Identify the technologies again  

                        ( max_technology , x, max_tech_order ,  

                            second_max_technology , x2 , second_max_tech_order ,  

                            third_max_technology , x3 , third_max_tech_order ,  

                            random_technology , u, random_tech_order ,  

                            second_random_technology , u2, second_random_tech_order ,  

                            third_random_technology , u3, third_random_tech_order ,  

                            max_technologies , random_technologies ,  

                            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

 

                    # Modify input parameters for both sets of technologies  

                    self .modify_input_parameters_combine2(  

                        new_capacity_path , total_capacity_path , param_path ,  

                        C1, C2,  

                        max_technology , random_technology ,  

                        second_max_technology , second_random_technology ,  

                        technology_order_mapping  

                    )  

 

                    self .read_input_data( param_path )  # Ensure modified parameters are loaded  

                    self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                    if  self .results is  not  None:  

                        # Save the results after a successful run  

                        self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                        # Update paths for the current successful run  

                        new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                        # Calculate the total cost for the current run  

                        total_cost  = self .calculate_total_cost( run_result_path )  

 

                        # Calculate the total emissions for the current run  

                        total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                        # If the total cost is within the allowable range, record the results  
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                        if  total_cost  <= maximum_allowable_cost :  

                            _, max_tech_value_total , random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , max_technology , random_technology  

                            )  

                            _, second_max_tech_value_total , second_random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , second_max_technology , second_random_technology  

                            )  

 

                            # Recalculate the sum of new capacities for consistency  

                            new_capacity_df  = pd. read_csv ( new_capacity_path )  

                            max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == max_technology ][ 'Value' ].sum()  

                            #random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == random_technology]['Value'].sum()  

                            second_max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == 

second_max_technology ][ 'Value' ].sum()  

                            #second_random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == 

second_random_technology]['Value'].sum()  

 

                            # Record the results  

                            run_data . append ((  

                                successful_runs ,  

                                max_technology  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1  

                                max_tech_value_new  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1 Value  

                                second_max_technology  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2  

                                second_max_tech_value_new  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2 Value  

                                third_max_technology  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3  

                                third_max_tech_value_new  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3 Value  

                                random_technology  if  len ( random_technologies ) > 0 else  None,  # Random Tech 1  

                                second_random_technology  if  len ( random_technologies ) > 1 else  None,  # Random Tech 2  

                                third_random_technology  if  len ( random_technologies ) > 2 else  None,  # Random Tech 3  

                                total_cost ,  # Total Cost  

                                total_emissions   # Total Emissions  

                            ))  

 

                            successful_runs  += 1  # Increment successful runs count  

                            attempt  = 0  # Reset attempt counter for the next run  

 

                        else :  

                            attempt  += 1 

                            print ( f "Attempt { attempt } : Total cost { total_cost }  exceeds maximum allowable cost { maximum_allowable_cost } . 

Adjusting parameters and retrying." )  

                            C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                            C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

                    else :  

                        attempt  += 1 

                        print ( f "Attempt { attempt } : No results. Adjusting parameters and retrying." )  

                        C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                        C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

 

        elif  NOS_quality  == 3:  

            successful_runs  = 0 
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            attempt  = 0 

            technology_order_mapping  = None  # Will store the mapping of technologies to their order  

            optimal_cost  = None  # Store the optimal cost from the first successful run  

            maximum_allowable_cost  = None  # Store the maximum allowable cost for subsequent runs  

 

            while  successful_runs  < number_solutions :  

                if  successful_runs  <= number_solutions  /  3:  

                    # Reset parameters to initial state before each run  

                    if  os . path . exists ( param_path ):  

                        shutil . rmtree ( param_path )  

                    shutil . copytree ( initial_param_dir , param_path )  

 

                    # Define the result path for the current run  

                    run_result_path  = os . path . join ( result_path , f "Run_ { successful_runs } " )  

                    os . makedirs ( run_result_path , exist_ok =True )  

 

                    if  successful_runs  == 0:  

                        # For the first run, read input data and run the model  

                        self .read_input_data( param_path )  

                        self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                        # Initialize paths for capacity data from the first run  

                        new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                        # Check if the new_capacity file was created, generate it if missing  

                        if  not  os . path . exists ( new_capacity_path ):  

                            self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                        if  not  os . path . exists ( new_capacity_path ):  

                            raise  FileNotFoundError ( f " { new_capacity_path }  not found after the initial run." )  

 

                        # Identify the order of technologies based on the first run  

                        technology_order_mapping  = self .identify_technology_order( new_capacity_path , result_path )  

 

                        # Find technologies for the first run  

                        ( max_technology , x, max_tech_order ,  

                            second_max_technology , x2 , second_max_tech_order ,  

                            third_max_technology , x3 , third_max_tech_order ,  

                            random_technology , u, random_tech_order ,  

                            second_random_technology , u2, second_random_tech_order ,  

                            third_random_technology , u3, third_random_tech_order ,  

                            max_technologies , random_technologies ,  

                            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

                        initial_C  = ( x + u) /  2  # Calculate initial adjustment factor C  

                        C = initial_C  

 

                        # Calculate the total cost for the first run and determine the maximum allowable cost  

                        optimal_cost  = self .calculate_total_cost( run_result_path )  

                        maximum_allowable_cost  = optimal_cost  *  ( 1 + slack  /  100 )  # Add slack percentage to the cost limit  
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                        # Calculate the total emissions for the first run  

                        total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                    else :  

                        # For subsequent runs, load data from the previous successful run  

                        new_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( result_path , f "Run_ { successful_runs  -  1} " , "total_capacity.csv" )  

 

                        if  not  os . path . exists ( new_capacity_path ):  

                            raise  FileNotFoundError ( f " { new_capacity_path }  not found for the run." )  

 

                        if  attempt  == 0:  

                            # Adjust parameters and find max and random technologies only once per run  

                            C, max_technology , random_technology , T1, T2, total_cost  = self .run_with_adjustments(  

                                new_capacity_path , total_capacity_path , param_path , technology_order_mapping , maximum_allowable_cost , 

solver  

                            )  

                            initial_C  = C  # Set initial C for subsequent adjustments  

                        else :  

                            # Adjust C by reducing it further with each attempt  

                            C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  

                            ( max_technology , x, max_tech_order ,  

                                second_max_technology , x2 , second_max_tech_order ,  

                                third_max_technology , x3 , third_max_tech_order ,  

                                random_technology , u, random_tech_order ,  

                                second_random_technology , u2, second_random_tech_order ,  

                                third_random_technology , u3, third_random_tech_order ,  

                                max_technologies , random_technologies ,  

                                technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

                        self .modify_input_parameters_combine( new_capacity_path , total_capacity_path , param_path , C, max_technology , 

random_technology , technology_order_mapping )  

                        self .read_input_data( param_path )  # Ensure modified parameters are loaded  

                        self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                    if  self .results is  not  None:  

                        # Save the results after a successful run  

                        self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                        # Update paths for the current successful run  

                        new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                        # Calculate the total cost for the current run  

                        total_cost  = self .calculate_total_cost( run_result_path )  

 

                        # Calculate the total emissions for the current run  

                        total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                        # If the total cost is within the allowable range, record the results  
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                        if  total_cost  <= maximum_allowable_cost :  

                            _, max_tech_value_total , random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , max_technology , random_technology  

                            )  

 

                            # Recalculate the sum of new capacities for consistency  

                            new_capacity_df  = pd. read_csv ( new_capacity_path )  

                            max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == max_technology ][ 'Value' ].sum()  

                            #random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == random_technology]['Value'].sum()  

 

                            # Record the results  

                            run_data . append ((  

                                successful_runs ,  

                                max_technology  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1  

                                max_tech_value_new  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1 Value  

                                second_max_technology  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2  

                                second_max_tech_value_new  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2 Value  

                                third_max_technology  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3  

                                third_max_tech_value_new  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3 Value  

                                random_technology  if  len ( random_technologies ) > 0 else  None,  # Random Tech 1  

                                second_random_technology  if  len ( random_technologies ) > 1 else  None,  # Random Tech 2  

                                third_random_technology  if  len ( random_technologies ) > 2 else  None,  # Random Tech 3  

                                total_cost ,  # Total Cost  

                                total_emissions   # Total Emissions  

                            ))  

 

                            successful_runs  += 1  # Increment successful runs count  

                            attempt  = 0  # Reset attempt counter for the next run  

 

                        else :  

                            attempt  += 1 

                            print ( f "Attempt { attempt } : Total cost { total_cost }  exceeds maximum allowable cost { maximum_allowable_cost } . 

Adjusting parameters and retrying." )  

                            C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  # Reduce C further  

                    else :  

                        attempt  += 1 

                        print ( f "Attempt { attempt } : No results. Adjusting parameters and retrying." )  

                        C = initial_C  -  ( 0.05  *  initial_C  *  attempt )  # Reduce C for retries  

 

                elif  number_solutions  /  3 < successful_runs  <= 2 *  number_solutions  /  3:  

                    if  os . path . exists ( param_path ):  

                        shutil . rmtree ( param_path )  

                    shutil . copytree ( initial_param_dir , param_path )  

 

                    run_result_path  = os . path . join ( result_path , f "Run_ { successful_runs } " )  

                    os . makedirs ( run_result_path , exist_ok =True )  

 

                    if  attempt  == 0:  

                        C1, C2, max_technology , random_technology , second_max_technology , second_random_technology , T1, T2, T3, T4, 

total_cost  = self .run_with_adjustments2(  
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                            new_capacity_path , total_capacity_path , param_path , technology_order_mapping , maximum_allowable_cost , solver  

                        )  

                        initial_C1 , initial_C2  = C1, C2 

                    else :  

                        C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                        C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

                        ( max_technology , x, max_tech_order ,  

                            second_max_technology , x2 , second_max_tech_order ,  

                            third_max_technology , x3 , third_max_tech_order ,  

                            random_technology , u, random_tech_order ,  

                            second_random_technology , u2, second_random_tech_order ,  

                            third_random_technology , u3, third_random_tech_order ,  

                            max_technologies , random_technologies ,  

                            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

 

                    self .modify_input_parameters_combine2(  

                        new_capacity_path , total_capacity_path , param_path ,  

                        C1, C2,  

                        max_technology , random_technology ,  

                        second_max_technology , second_random_technology ,  

                        technology_order_mapping  

                    )  

                    self .read_input_data( param_path )  

                    self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                    if  self .results is  not  None:  

                        # Save the results after a successful run  

                        self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                        # Update paths for the current successful run  

                        new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                        # Calculate the total cost for the current run  

                        total_cost  = self .calculate_total_cost( run_result_path )  

 

                        # Calculate the total emissions for the current run  

                        total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                        # If the total cost is within the allowable range, record the results  

                        if  total_cost  <= maximum_allowable_cost :  

                            _, max_tech_value_total , random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , max_technology , random_technology  

                            )  

                            _, second_max_tech_value_total , second_random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , second_max_technology , second_random_technology  

                            )  

 

                            # Recalculate the sum of new capacities for consistency  

                            new_capacity_df  = pd. read_csv ( new_capacity_path )  
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                            max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == max_technology ][ 'Value' ].sum()  

                            #random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == random_technology]['Value'].sum()  

                            second_max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == 

second_max_technology ][ 'Value' ].sum()  

                            #second_random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == 

second_random_technology]['Value'].sum()  

 

                            # Record the results  

                            run_data . append ((  

                                successful_runs ,  

                                max_technology  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1  

                                max_tech_value_new  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1 Value  

                                second_max_technology  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2  

                                second_max_tech_value_new  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2 Value  

                                third_max_technology  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3  

                                third_max_tech_value_new  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3 Value  

                                random_technology  if  len ( random_technologies ) > 0 else  None,  # Random Tech 1  

                                second_random_technology  if  len ( random_technologies ) > 1 else  None,  # Random Tech 2  

                                third_random_technology  if  len ( random_technologies ) > 2 else  None,  # Random Tech 3  

                                total_cost ,  # Total Cost  

                                total_emissions   # Total Emissions  

                            ))  

 

                            successful_runs  += 1  # Increment successful runs count  

                            attempt  = 0  # Reset attempt counter for the next run  

 

                        else :  

                            attempt  += 1 

                            print ( f "Attempt { attempt } : Total cost { total_cost }  exceeds maximum allowable cost { maximum_allowable_cost } . 

Adjusting parameters and retrying." )  

                            C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                            C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

                    else :  

                        attempt  += 1 

                        print ( f "Attempt { attempt } : No results. Adjusting parameters and retrying." )  

                        C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                        C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

 

                else :  

                    if  os . path . exists ( param_path ):  

                        shutil . rmtree ( param_path )  

                    shutil . copytree ( initial_param_dir , param_path )  

 

                    run_result_path  = os . path . join ( result_path , f "Run_ { successful_runs } " )  

                    os . makedirs ( run_result_path , exist_ok =True )  

 

                    if  attempt  == 0:  

                        C1, C2, C3, max_technology , random_technology , second_max_technology , second_random_technology , 

third_max_technology , third_random_technology , T1, T2, T3, T4, T5, T6, total_cost  = self .run_with_adjustments3(  

                            new_capacity_path , total_capacity_path , param_path , technology_order_mapping , maximum_allowable_cost , solver  
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                        )  

                        initial_C1 , initial_C2 , initial_C3  = C1, C2, C3 

                    else :  

                        C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                        C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

                        C3 = initial_C3  -  ( 0.05  *  initial_C3  *  attempt )  

                        ( max_technology , x, max_tech_order ,  

                            second_max_technology , x2 , second_max_tech_order ,  

                            third_max_technology , x3 , third_max_tech_order ,  

                            random_technology , u, random_tech_order ,  

                            second_random_technology , u2, second_random_tech_order ,  

                            third_random_technology , u3, third_random_tech_order ,  

                            max_technologies , random_technologies ,  

                            technologies_list ) = self .find_technologies( new_capacity_path , technology_order_mapping )  

                    self .modify_input_parameters_combine3(  

                        new_capacity_path , total_capacity_path , param_path ,  

                        C1, C2, C3,  

                        max_technology , random_technology ,  

                        second_max_technology , second_random_technology ,  

                        third_max_technology , third_random_technology ,  

                        technology_order_mapping  

                    )  

                    self .read_input_data( param_path )  

                    self .run( solver =solver , verbosity =True , force_rewrite =True )  

 

                    if  self .results is  not  None:  

                        # Save the results after a successful run  

                        self .to_csv( run_result_path , force_rewrite =True , postprocessing_module ="aggregated" )  

 

                        # Update paths for the current successful run  

                        new_capacity_path  = os . path . join ( run_result_path , "new_capacity.csv" )  

                        total_capacity_path  = os . path . join ( run_result_path , "total_capacity.csv" )  

 

                        # Calculate the total cost for the current run  

                        total_cost  = self .calculate_total_cost( run_result_path )  

 

                        # Calculate the total emissions for the current run  

                        total_emissions  = self .calculate_total_emissions( run_result_path )  

 

                        # If the total cost is within the allowable range, record the results  

                        if  total_cost  <= maximum_allowable_cost :  

                            _, max_tech_value_total , random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , max_technology , random_technology  

                            )  

                            _, second_max_tech_value_total , second_random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , second_max_technology , second_random_technology  

                            )  

                            _, third_max_tech_value_total , third_random_tech_value_total  = self .find_last_year_values(  

                                total_capacity_path , third_max_technology , third_random_technology  

                            )  
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                            # Recalculate the sum of new capacities for consistency  

                            new_capacity_df  = pd. read_csv ( new_capacity_path )  

                            max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == max_technology ][ 'Value' ].sum()  

                            #random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == random_technology]['Value'].sum()  

                            second_max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == 

second_max_technology ][ 'Value' ].sum()  

                            #second_random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == 

second_random_technology]['Value'].sum()  

                            third_max_tech_value_new  = new_capacity_df [ new_capacity_df [ 'Technology' ] == 

third_max_technology ][ 'Value' ].sum()  

                            #third_random_tech_value_new = new_capacity_df[new_capacity_df['Technology'] == 

third_random_technology]['Value'].sum()  

 

                            # Record the results  

                            run_data . append ((  

                                successful_runs ,  

                                max_technology  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1  

                                max_tech_value_new  if  len ( max_technologies ) > 0 else  None,  # Max Tech 1 Value  

                                second_max_technology  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2  

                                second_max_tech_value_new  if  len ( max_technologies ) > 1 else  None,  # Max Tech 2 Value  

                                third_max_technology  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3  

                                third_max_tech_value_new  if  len ( max_technologies ) > 2 else  None,  # Max Tech 3 Value  

                                random_technology  if  len ( random_technologies ) > 0 else  None,  # Random Tech 1  

                                second_random_technology  if  len ( random_technologies ) > 1 else  None,  # Random Tech 2  

                                third_random_technology  if  len ( random_technologies ) > 2 else  None,  # Random Tech 3  

                                total_cost ,  # Total Cost  

                                total_emissions   # Total Emissions  

                            ))  

 

                            successful_runs  += 1  # Increment successful runs count  

                            attempt  = 0  # Reset attempt counter for the next run  

 

                        else :  

                            attempt  += 1 

                            print ( f "Attempt { attempt } : Total cost { total_cost }  exceeds maximum allowable cost { maximum_allowable_cost } . 

Adjusting parameters and retrying." )  

                            C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                            C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

                            C3 = initial_C3  -  ( 0.05  *  initial_C3  *  attempt )  

                    else :  

                        attempt  += 1 

                        print ( f "Attempt { attempt } : No results. Adjusting parameters and retrying." )  

                        C1 = initial_C1  -  ( 0.05  *  initial_C1  *  attempt )  

                        C2 = initial_C2  -  ( 0.05  *  initial_C2  *  attempt )  

                        C3 = initial_C3  -  ( 0.05  *  initial_C3  *  attempt )  

 

        # Record all run results in an Excel file  

        self .record_run_results( result_path , run_data )  
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%! Appendix B 

The updated interface of Hypatia planning mode “Run_Planning_MO”, modified to 
incorporate user inputs for the generation of the near-optimal solutions. 

 

"""  

Utopia MODEL  -  Planning mode  

"""  

# Import of the Model  

from  hypatia  import  Model  

 

#%%  

# Create the model using as input the sets files  

OptimizationMode  = "NOS"                                               

Number_solutions  = 20                                                 # Number of required solution in case of 

multi - objective optimization  

Ensure_Feasibility  = "No"                                                # "Yes" allows unmet demand, "No" otherwise                                                

NOS_quality  = 1 # 1, 2 or 3  

if  OptimizationMode  == "NOS"  :  

    method  = "NOS"  

    Utopia  = Model(  

        path ="Thesishypatia/IT/sets" ,                             # Path to the sets folder  

        mode="Planning" ,                                                    # "Planning" or "Operation" mode  

        optimization  = "Single" ,  

        ensure_feasibility  = Ensure_Feasibility                                       

    )  

 

# Read the parameters  

Utopia .read_input_data( "Thesishypatia/IT/parameters" )         # Path to the parameters folder  

 

#%%  

# Run the model to find the optimal solution  

if  method  == "NOS" :  

    slack_percentage  = 20  # %, Define the slack percentage  

    Utopia .run_multiple_solutions(  

        number_solutions  = Number_solutions ,  

        param_path  = "Thesishypatia/IT/parameters" ,  

        result_path  = "Thesishypatia/IT/results" ,  

        slack  = slack_percentage ,  

        NOS_quality  = NOS_quality ,  

        solver  ='gurobi'  

    )  
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