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ABSTRACT 
Renewable energy systems are increasingly essential for sustainable development, yet their 
design and planning require robust optimization methods. This study is motivated by the need 
to understand how different optimization approaches and modelling tools support transparent 
and efficient energy strategies. The central aim is to evaluate whether specific optimization 
frameworks can be regarded as universally superior or whether their suitability depends on 
contextual factors. A systematic literature review was conducted by examining 54 peer-
reviewed articles published between 2017 and 2025, covering linear programming, mixed-
integer linear programming, metaheuristic algorithms, and models based on artificial 
intelligence, with a particular focus on open-source energy modelling frameworks. The results 
show that no single method consistently outperforms others, as effectiveness is strongly 
influenced by system complexity, data quality, and planning objectives. This leads to the 
conclusion that integrated deterministic and adaptive strategies are necessary for reproducible, 
transparent, and sustainable renewable energy modelling. 

KEYWORDS 
Open Energy Modelling Framework; Renewable energy planning; Optimization methods; 
Metaheuristic algorithms; Artificial intelligence models; Energy systems sustainability. 

INTRODUCTION 
Renewable energy systems are increasingly essential for sustainable development, yet 

their design and planning require robust optimization methods. In countries like Indonesia, 
recent reviews also emphasize that advanced modelling tools are crucial to support the 
transition towards net-zero emission systems, since they enable the integration of diverse 
resources and sectors in a coherent framework [1]. The global transition to a clean and 
sustainable energy system has become a top priority in national energy policies. The unlimited 
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use of fossil fuels will contribute to environmental damage, thus encouraging countries to seek 
renewable energy-based solutions [2], [3]. In this context, new renewable energy resources 
such as solar, wind, hydro, and biomass are key in supporting the energy sector's 
decarbonization and achieving net-zero emissions targets. However, large-scale renewable 
energy integration also brings challenges like supply uncertainty, intermittency, and system 
flexibility. Planning that refers to the management of the national energy system is needed to 
optimize the energy transition. The shift towards renewable energy-based solutions also 
requires analytical approaches that can adequately represent the complexity of energy systems. 
Simulation modelling has been critically reviewed as an essential method to analyze and 
evaluate renewable energy integration and system behavior under different scenarios [4]. 

Recent studies published in the Journal of Sustainable Development of Energy, Water 
and Environment Systems (JSDEWES) have emphasized the importance of integrating 
optimization with sustainability assessments. For example, [5] explored multi-objective 
optimization for multi-energy systems, demonstrating the trade-offs between economic, 
environmental, and technical objectives. Similarly, [6] analysed temporal variability in long-
term energy supply planning, while [7] applied bio-inspired metaheuristics to enhance 
renewable energy system performance. These contributions highlight the growing role of 
advanced optimization methods and open-source frameworks in supporting transparent and 
sustainable planning. 

 
National Energy System Optimization Needs 

 
Effective renewable energy planning requires optimization methods capable of handling 

the complexity of multi-sector and multi-location systems. Various approaches have been 
applied in the literature study, ranging from conventional mathematical techniques such as 
Linear Programming (LP) and Mixed-Integer Linear Programming (MILP) to metaheuristic 
algorithms such as Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and Grey 
Wolf Optimizer (GWO) [8], [9]. These optimization techniques allow energy planners to 
develop the most efficient technology configuration based on cost, reliability, and 
environmental impact aspects. 

Along with the development of digital technology and open resources, open-source 
software-based energy system modelling is also growing. One of the prominent frameworks is 
the Open Energy Modelling Framework (OEMOF), which offers a modular, transparent, and 
flexible approach to decentralized and national energy planning. OEMOF supports cross-sector 
integration (sector coupling), utilizes advanced optimization solvers, and encourages 
reproducible research practices in energy policy analysis [7]. The Open Energy Modelling 
Framework was introduced in 2017 as an open-source initiative supporting cross-sectoral and 
regional energy system modelling.  The framework was initially developed by a consortium of 
research institutes in Germany—including the Reiner Lemoine Institute and IEE's 
Fraunhofer—to provide a modular, community-based alternative to proprietary software. 
OEMOF was first introduced through a preprint article by [10] and then reinforced in peer-
reviewed scientific publications [11], which makes it one of the key platforms in open energy 
modelling. 

 
Study Objectives: Method Classification, Comparative Analysis, and Focus on OEMOF 

 
Although the number of studies on renewable energy systems continues to increase, 

systematic comparisons of optimization methods and open modeling tools used in different 
countries are still minimal. In particular, the role of OEMOF in national energy planning—
both in developed and developing countries—has not been critically analyzed. Considering the 
context that has been described, this study is directed to conduct a systematic literature review 
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of optimization methods and open-source modeling platforms used in renewable energy 
planning at the national level.  

 
 

Although several recent reviews have discussed renewable energy optimization methods 
(e.g., [8], [12], [13], most of them primarily focus on algorithmic development or hybrid 
renewable system sizing. Likewise, reviews on energy system modelling tools such as [1]  and 
[14] mainly classify models based on structural characteristics without critically examining the 
comparative applicability of open-source frameworks in national-level renewable energy 
planning. Furthermore, none of these reviews comprehensively integrate post-2022 
developments in AI-based optimization and their interaction with deterministic frameworks 
such as OEMOF. Therefore, this study addresses this research gap by combining 
methodological comparison, national-scale application context, and framework-specific 
evaluation up to early 2025. 

The primary focus is on: 
a. Identification and classification of commonly used optimization methods, 
b. Analysis of their application in the context of different national policies and conditions, 
c. Evaluation of the strengths and limitations of OEMOF as an energy planning tool. 

Through this approach, this study is expected to contribute to expanding the 
understanding of methods in sustainable energy planning and to become an essential reference 
for policymakers, researchers, and developers of future energy systems. 
 
Literature Search Strategy 
 

The search was conducted using Publish or Perish from Google Scholar, Scopus, and 
Web of Science sources with keywords: "renewable energy," "open-source energy modeling," 
"OEMOF," "PyPSA," "Calliope," and "optimization," in the range of 2017–2025. The year 
2017 was chosen as the starting point because it was the year the OEMOF framework was 
formally introduced in the academic literature. 
 
Inclusion and Exclusion Criteria 

For the reviewed articles to be relevant to the purpose of the study, the inclusion and 
exclusion criteria set out in Table 1. 

Table 1. Research inclusion and exclusion criteria 

Inclusion Criteria Exclusion Criteria 
Peer-reviewed studies in reputable international 
journals 

Conference articles without a thorough 
review 

Focus on national or regional-scale energy 
systems 

Studies limited to micro or household 
systems 

Using optimization methods in energy planning Articles that only discuss technology 
without planning aspects 

Review or use open-source frameworks (e.g., 
OEMOF, PyPSA, etc.) 

Articles that use exclusively closed 
commercial software 

 
PRISMA Literature and Diagram Selection Process 

 
The following is a PRISMA flowchart used to support the methodological part of this 

systematic literature review (SLR) as shown as Figure 1. 
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Figure 1. PRISMA Flow Diagram of Article Selection (2017–2025) 

The literature selection process in this study follows the PRISMA approach, which is 
tailored for systematic studies related to renewable energy optimization and open-source modeling 
frameworks.  

Out of 200 articles found, filtered by title and keyword, 82 articles were relevant to 
optimization topics. Furthermore, 64 articles focused on optimization methods, and 13 mentioned 
specific open-source frameworks. The analysis was continued on 41 articles that applied 
optimization methods (LP/MLP, metaheuristics, and artificial intelligence), and all of these 
articles were synthesized together with 13 framework articles, resulting in 54 articles used in the 
primary analysis. The total number of references in the bibliography reached 82, including other 
supporting literature. 
 
Data Extraction and Analysis 
 

Data from 82 articles that have passed the selection are then systematically extracted using 
a table format. Each article is analyzed based on the following information: author name and year, 
study location, type of renewable energy studied, optimization methods used, open-source 
modeling platform (if any), study objectives, main results, advantages, and limitations. The 
collected data is then used to classify optimization methods, compare countries, and identify 
research trends and gaps. 
 
Validity and Limitations of Methods 

Article selection was carried out following a predefined protocol aligned with PRISMA 
guidelines to maintain methodological rigor. Screening was conducted in three stages: (1) 
identification through database search, (2) title and abstract screening, and (3) full-text 
eligibility assessment. 

Although the screening process was conducted by a single researcher, several 
mechanisms were applied to minimize subjective bias. First, inclusion and exclusion criteria 
were defined prior to the search process. Second, AI-assisted reference management tools were 
used to perform semantic clustering, keyword consistency checks, and duplication detection. 
Third, a random subset (approximately 15%) of screened articles was re-evaluated after two 
weeks to ensure consistency in selection decisions. 
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RESULT AND DISCUSSION 
 
Optimization Techniques in Energy Planning with Linear Programming and Mixed-Integer 
Linear Programming (MILP) implementation 
 

Linear Programming (LP) and Mixed-Integer Linear Programming (MILP) are the most 
commonly used mathematical approaches in energy system planning, especially at national and 
regional scales. A recent review further underscores their importance while also highlighting 
the development of diverse optimization models and solution techniques tailored to renewable 
energy applications [12]. This method allows optimization problem solving by linearly 
considering technical, economic, and environmental constraints and can handle integer 
variables to represent discrete decisions such as technology choices or generating units. 

In the context of renewable energy planning, MILP is often used to determine the optimal 
system configuration based on the lowest total cost, highest energy efficiency, or minimal 
carbon emissions, for example, in the study of [16], which applies the MILP optimization 
method to design a hybrid energy system that supports the development of district heating (DH) 
based on renewable energy in Gaziantep City, Turkey. The MILP approach determines the 
optimal capacity of various energy system components, including solar (PV) plants, wind 
turbines, heat pumps, and thermal storage, to minimize the Levelized Cost of Energy (LCOE). 
This model considers various variables such as investment costs, operating and maintenance 
costs, equipment replacement cycles, and carbon dioxide emissions to meet heat energy 
demands efficiently. The optimization results showed that the best system configuration 
consisted of 560 MW PV and 65 MW of wind power, which produced an LCOE of USD 
0.0442/kWh. The study compares MILP results with simulation tools such as HOMER and 
EnergyPLAN, and concludes that the MILP approach provides a more cost-effective and 
scalable energy planning solution in the context of renewable district heating systems. 

The study [17] applied the MILP method to design a hybrid energy system consisting of 
wind turbines, diesel generators, and battery-based energy storage systems (BESS). Recent 
literature has also provided a comprehensive review of configuration optimization in hybrid 
renewable energy systems (HRES), emphasizing how different approaches can be applied to 
balance technical, economic, and environmental objectives [18]. In addition, a more recent 
review further highlights how technical, economic, and environmental criteria are jointly 
considered in HRES design and operation, providing a broader perspective on system 
integration [13]. In this context, energy storage has become a critical component of hybrid 
renewable energy systems. Bamisile [19] highlights that various optimization techniques have 
been developed to improve its efficiency, reliability, and cost-effectiveness. HRES often 
combine multiple resources to improve sustainability and reliability. Solar–wind combinations, 
in particular, have been widely reviewed as a promising configuration to balance intermittency 
and ensure stable supply in diverse contexts [20]. Beyond conventional storage solutions, 
hydrogen-based hybrid energy systems have also received significant attention, with recent 
reviews highlighting diverse optimization strategies to enhance their performance and cost-
effectiveness [21]. 

The main objective of implementing the MILP is to determine the most optimal system 
configuration in terms of cost and performance, considering various commercial wind turbine 
technologies with different technical characteristics. This optimization model is used in two 
scenarios, namely the selection of one type of best turbine and a combination of multi-
technology wind turbines, to capture variations in wind speed throughout the year. The 
optimization results showed that the multi-turbine approach reduced the total cost (Net Present 
Cost) by up to 4.5% compared to the single-technology approach and improved renewable 
energy penetration and overall system efficiency. Thus, MILP is used as a strategic planning 
tool to design renewable energy systems that are economical, adaptive, and sustainable. 
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Peterssen [22] implemented the Linear Programming (LP) method for designing a 
carbon-neutral German national energy system by 2045. LP determines the design and 
operation of energy systems at the minimum total cost based on the assumption that all future 
conditions—weather and energy demand—can be perfectly predicted. This model optimizes 
generation capacity (such as PV and wind), energy storage size (battery, hydrogen, thermal), 
and energy distribution across sectors (transportation, heating, industry). The LP approach in 
this study serves as a theoretical baseline, which is then compared with the priority list method 
without forecasting, and the results showed that LP-based systems had a 28% lower total cost.  

The main advantages of LP and MILP lie in their computational stability and ability to 
provide optimal global solutions, provided that the model formulation is correct. Additionally, 
both methods are compatible with various optimization software, including open-source 
platforms such as OEMOF and PyPSA. However, one of the limitations of MILP is the 
increased computational complexity as the number of integer variables increases, making it 
unsuitable for very large-scale models with high temporal dynamics. LP and MILP remain 
important cornerstones in energy system modeling due to their deterministic and interpretive 
nature. Its combination with an open-source framework provides flexibility in simulating 
transparent and replicable national energy policies. 
 
Metaheuristic algorithm 
 

Metaheuristic algorithms are a global search-based optimization approach widely used 
in energy system planning, especially for complex, non-linear, and multiobjective problems. 
In contrast to mathematical methods such as LP and MILP, which require linear and 
deterministic formulations, metaheuristics are more flexible in dealing with uncertainty, 
irregularity, and dynamic policy scenarios.  

Some of the algorithms that are often used include Genetic Algorithm (GA) [23], [24], 
Multiobjective Genetic Algorithm (MOGA) [25], Particle Swarm Optimization (PSO) [26]–
[29], Grey Wolf Optimizer (GWO) [8], [9], [30]–[36] as well as other hybrid algorithms. This 
algorithm can explore a wide range of solution spaces to find the optimal configuration of the 
energy system based on [37] several criteria, such as cost, emissions, and reliability. For 
distributed hybrid power systems, optimization methods are increasingly focusing on the 
integration of battery storage, as highlighted by Barbossa et al. [38], who demonstrate that 
storage considerations significantly influence both cost efficiency and system reliability.  

A study by Frimpong, [31], [39], introduced the Social Spider Prey (SSP) algorithm, a 
new algorithm inspired by the social behavior of spiders in prey hunting. SSP is used to design 
hybrid energy systems with optimal sizing in mind, cost efficiency, and increased reliability. 
The study results show that this approach provides more stable results than conventional 
algorithms such as PSO and GA. 

Meanwhile, metaheuristic algorithms include COOT, Black Widow Optimization 
(BWO), and Tasmanian Devil Optimization (TDO). [40]. This research shows that no single 
algorithm is universally superior in all scenarios, so the choice of algorithm is highly dependent 
on the type of system, the number of variables, and the optimization goals. GWO, for example, 
excels in rapid convergence on off-grid energy system configurations, while GA is more 
flexible in multi-constraint problems.  

Metaheuristics are often combined with data-driven approaches, such as machine 
learning, to improve adaptivity to changing demand patterns or the variability of renewable 
resources. [41] proposes a hybrid approach that combines metaheuristic algorithms with 
machine learning models to deal with weather uncertainties in decentralized energy systems. 

The main advantage of metaheuristic algorithms is their ability to efficiently solve non-
convex and multiobjective problems, especially when deterministic methods become 
impractical due to the complexity of the model. However, its limitation lies in its heuristic 
search-based nature, so the results do not always guarantee global optimality or sensitivity to 
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the initial parameters and evaluation functions used. Thus, metaheuristic algorithms provide 
high flexibility in developing national energy systems, especially when combined with 
dynamically changing environmental policy and data scenarios. 

 
Artificial Intelligence Approach 

 
In recent years, artificial intelligence (AI)-based approaches have become increasingly 

popular in energy system planning and prediction, especially in dealing with complexity, 
uncertainty, and large volumes of data. Recent reviews on modelling variable renewable energy 
(VRE) sources such as solar and wind further emphasize the importance of developing 
advanced approaches that can capture intermittency and variability in system behaviour [42]. 
According to Mahmood et al. [43], the rapid digitalization of smart grids and renewable energy 
systems has further strengthened the role of AI by enabling real-time data processing and 
improving overall system efficiency. Techniques include Artificial Neural Networks (ANN), 
Support Vector Machines (SVM), and Long Short-Term Memory (LSTM). 

ANN is one of the earliest and most widely used AI approaches in the energy context. 
ANN can study the non-linear relationship patterns between inputs and outputs, making it 
particularly suitable as an intelligent prediction tool to support the operational efficiency of 
time-series data-based thermal energy systems [37]. The study evaluated various ANN 
architectures, including Multi-Layer Perceptron (MLP), Recurrent Neural Network (RNN), 
and Long Short-Term Memory (LSTM), to determine the most accurate approach in the context 
of hybrid energy systems. The results show that ANN has advantages in handling data 
uncertainty and providing better predictions than conventional statistical methods.  

Thus, ANN is essential in improving the accuracy of estimating renewable energy 
potential, a crucial input for hybrid energy systems' planning and operation process. Beyond 
forecasting, recent research has also explored the application of advanced AI methods for the 
sizing of hybrid renewable energy systems, showing how such techniques can optimize system 
configuration by balancing cost, reliability, and environmental performance [45]. 

In addition to ANN, the Support Vector Machines (SVM) algorithm predicts the daily 
electrical load going forward [46]. SVM has superior performance in predicting electricity 
usage in various settings, including educational institutions and supermarkets, and outperforms 
other models, such as Random Forest and Decision Trees, in terms of accuracy and efficiency 
[47]. 

LSTMs, as part of RNNs, excel at processing time series data such as renewable energy 
production that are volatile and seasonal. In the study [48], LSTM is used to predict river flows 
as a source of hydro energy, and it shows higher accuracy than other methods, such as the 
feedforward neural network (FFNN) and support vector regression (SVR). 

The main advantage of the AI approach lies in its ability to learn from data and adapt to 
changing patterns without the need for explicit mathematical formulations. This makes AI 
suitable for data-driven national energy planning, especially when combined with sensor 
systems and real-time measurements. However, this approach also has limitations, such as the 
need for extensive, high-quality training data, the risk of overfitting, and the limited 
interpretability of the results. 

The integration of AI in energy planning systems is often combined with other 
optimization methods, either hybrid with metaheuristics or as part of decision-support systems. 
With the increasing availability of energy, weather, and socio-economic data, AI approaches 
are expected to be increasingly important in supporting energy transition policies nationally 
and regionally. Given these methodological characteristics, a structured technical comparison 
is necessary to clarify the relative strengths and limitations of each approach. 
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Technical Comparison: Accuracy, Robustness, and Runtime 

 
Each optimization approach in national energy planning has technical advantages and 

limitations that need to be considered based on the context of its application. In this regard, 
Laveneziana et al. [49] conducted a critical review of energy planning models for the industrial 
systems transition, highlighting their strengths, limitations, and the need for more adaptable 
frameworks. Three essential aspects commonly used to evaluate method performance are 
solution accuracy, robustness, and compute runtime. 

Regarding accuracy, deterministic methods such as Linear Programming (LP) and 
Mixed-Integer Linear Programming (MILP) can provide optimal solutions globally, as long as 
the model is formulated with objective functions and linear constraints and definitively known 
parameters. This makes MILP highly accurate for energy planning models with clear 
mathematical structures, deterministic parameters, and linear relationships between system 
components. However, its accuracy may decrease if used on highly non-linear or high-
uncertainty systems, as MILPs are not designed to handle random variables or complex 
relationships without a looping process that can compromise model precision [50]. 

In contrast, metaheuristic algorithms such as Genetic Algorithm (GA), Particle Swarm 
Optimization (PSO), and Grey Wolf Optimizer (GWO) have the power to explore a wide range 
of solutions but often only guarantee a near-optimal solution. Their main advantage is the 
flexibility in handling various function objectives and constraints, but their accuracy is highly 
dependent on tuning parameters and convergence strategies [31], [8].    

From a robustness perspective, AI-based approaches such as Artificial Neural Networks 
(ANN) and Long Short-Term Memory (LSTM) excel in dealing with non-deterministic and 
dynamically changing data. ANNs and LSTMs can learn from historical data and update 
predictions adaptively, making them particularly useful for highly variable systems, such as 
wind and solar energy [51]. However, AI tends to be a black box that is less transparent in 
explaining decision logic and is highly dependent on the quality and volume of training data. 

Meanwhile, from the computational runtime aspect, LP and MILP methods are relatively 
efficient for small to medium-scale models, especially when using optimization solvers such 
as CPLEX or Gurobi [52], [53] However, the computation time will increase exponentially as 
the number of integer variables increases. On the other hand, metaheuristic algorithms take 
longer to converge, primarily when used for scenarios with many parameters and objectives. 
The AI approach requires significant initial training time, but the model can generate 
predictions quickly and vertically once trained. 

Overall, no single method excels in all aspects. The selection of optimization methods is 
highly dependent on specific objectives, system structure, data availability, and computing 
resources. Therefore, some studies propose a hybrid approach combining the strengths of two 
or more methods, e.g., integrating MILP with LSTM for long-term planning based on dynamic 
demand predictions. The comparative characteristics and applicability of each technique, 
including their limitations and potential hybrid uses, are summarized in Table 2. 

 
Table 2 Summary of comparative optimization methods in energy planning 

 
Method 

Example of 
Algorithm Superiority Limitations Accuracy Runtime & 

Robustness 
Key 

Reference 
Linear 
Programming 
(LP) & MILP  

 MILP 
CPLEX 
Gurobi  

The global, 
transparent 
optimal 
solution, 
suitable for 
deterministic 
models 

Less flexible 
for non-linear 
& dynamic 
systems 

High (on 
linear 
systems) 

Fast for 
small-
medium 
models; less 
robust 
against 
uncertainty 

[16], [50], 
[54], [52], 
[53] 
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Metaheuristics GA  
PSO   
GWO 
SSP  

Flexible and 
able to handle 
many non-
linear 
parameters & 
functions 

Results are not 
always 
optimal; they 
are sensitive to 
tuning 
parameters 

Medium-high 
(depending on 
configuration) 

Medium-
high 
runtime; 
more robust 
to variation 

[55], [56], 
[23], [27],  
[34], [57], 
[29], [25], 
[36], [26], 
[28], [29], 
[31], [57], 
[58], [61], 
[27], [36], 
[40], [31], 
[39] 

Artificial 
Intelligence 

ANN  
SVM  , 
LSTM  

Adaptive, 
suitable for big 
data & 
fluctuations 

It takes many 
data and hard-
to-interpret 
results (black 
box) 

High (if data 
is quality) 

Slow 
training, 
fast 
prediction; 
Very robust 
on dynamic 
data 

[11], [37], 
[41], [44], 
[47], [55], 
[58], [62], 
[69], [28], 
[58], [37], 
[44], [48], 
[63], [64] 

 

Influence of Time-Series Data Availability on Model Selection 
The availability and quality of time-series data play a critical role in determining the 

suitability of optimization methods for national energy planning. Deterministic approaches 
such as MILP require high-resolution temporal data (e.g., hourly load demand, renewable 
generation profiles, and storage dynamics) to produce reliable optimization outcomes. In 
countries with comprehensive energy monitoring systems, such models can accurately capture 
seasonal variability and system constraints. 

In contrast, in contexts where historical data are incomplete, inconsistent, or limited in 
temporal resolution, AI-based models may offer greater adaptability. Techniques such as ANN 
and LSTM can approximate nonlinear relationships and generate forecasts even when physical 
system parameters are partially unknown. 

Therefore, the selection between deterministic and AI-based methods is not purely 
methodological but strongly dependent on data maturity, digital infrastructure, and institutional 
capacity. Hybrid approaches integrating MILP for structural planning and AI for dynamic 
forecasting are increasingly emerging as robust solutions in data-transitioning economies. 
 
Distribution of Methods by Country and Purpose of Use 
 

Recent bibliometric reviews provide additional evidence on how optimization methods 
are distributed globally, showing clear regional trends in renewable energy system modelling 
[70]. Countries such as Germany, the Netherlands, and Denmark tend to use deterministic 
approaches such as MILP and LP in national energy modeling that are multi-sectoral and 
integrated [65]. The use of frameworks such as OEMOF and PyPSA is widespread in Germany 
due to their compatibility with open-access data and flexibility in analyzing various energy 
transition scenarios [71].   

For example, a researcher [72] implemented OEMOF to model and optimize renewable 
energy-based heat supply systems in suburban Germany, focusing on technical and economic 
efficiency. The framework allows for the flexible formulation of multi-generator systems in 
linear equations optimized using the MILP approach to achieve cost-effective and low-carbon 
heat distribution. 

On the other hand, developing countries like India [26], [73], [74], [75], Pakistan [51],  
[76], [77], Iran [78], [79], [34], [80], and some African countries [30], [81], [82], [83] tend to 
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adopt optimization methods that are more flexible and tolerant of data limitations, such as 
metaheuristics (GA, PSO, GWO). This approach is considered more straightforward to 
implement, does not require complex mathematical structures, and can adapt to the variability 
of local conditions. 

Studies by [84] [85] prove this approach's effectiveness in designing renewable energy 
systems for remote areas facing limited geographical and infrastructure challenges. Some 
studies have also adopted hybrid or rule-based models to improve the accuracy of planning 
decisions. 

In addition to geographical differences, the primary purpose of applying optimization 
methods is also a determining factor in selecting techniques. The review found three common 
patterns: 
1. Cost and emissions optimization: Become a priority in countries with ambitious climate 

targets like the European Union. Studies in this region tend to use deterministic and 
integrative approaches. 

2. Expansion of energy access and village electrification: Dominating in developing countries 
is still facing the challenge of electrification in remote areas. These studies generally use 
metaheuristic methods or rule-based models because of their simplicity. 

3. Improved reliability and flexibility of systems: Be focused on countries with high 
integration of renewable energy and innovative grid systems, where hybrid or AI-based 
methods are more widely used. 

This distribution shows that no method is universal. The choice of method is highly 
dependent on the contextual needs, technical capacity, and direction of each country's national 
energy policy. 
 
Renewable Energy Planning from the Perspective of Economic Scale and Energy 
Consumption 

 
The selection of optimization methods is also influenced by the economic scale and total 

energy consumption of each country. Developed economies such as Germany and Denmark 
exhibit high total primary energy demand and advanced data infrastructure, enabling the use of 
deterministic MILP-based national energy system models. 

In contrast, developing countries with lower GDP per capita and limited grid coverage 
often prioritize decentralized hybrid systems and rural electrification, which are frequently 
optimized using metaheuristic techniques. 

Moreover, the total renewable energy share in national generation portfolios influences 
modelling complexity. Countries with high renewable penetration require detailed temporal 
modeling and flexibility analysis, while low-penetration systems may prioritize expansion 
planning and cost minimization. 
 
Role of Economic Incentives in Shaping Optimization Models 

Economic policy instruments such as feed-in tariffs, carbon pricing, renewable portfolio 
standards, and investment subsidies significantly affect model formulation and optimization 
objectives. 

In countries with carbon pricing mechanisms, objective functions often incorporate 
emission cost terms, leading to stronger renewable penetration in optimal solutions. 
Conversely, in subsidy-driven systems, investment constraints and payback period 
considerations become dominant modelling parameters. Therefore, optimization models are 
not purely technical constructs but reflect the policy and economic landscape in which they are 
applied. 
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Open-Source Modeling Frameworks: OEMOFs and Alternatives 
 

Open-source frameworks have become essential tools for energy system analysis and 
planning. Several reviews have also summarized the fundamental concepts of energy system 
models, offering useful classifications that clarify their scope, structure, and applicability [14].  
Among the most widely used frameworks are OEMOF, PyPSA, and Calliope, each providing 
different advantages for system representation and scenario analysis. In addition, OSeMOSYS 
has also been the subject of a recent systematic review that highlights its diverse applications, 
continuous developments, and potential future research directions [86]. Beyond system-wide 
applications, open-source approaches have also been extended to sector-specific domains. For 
instance, Ball et al. [87] introduced an open-source framework for large-scale building energy 
modelling, enabling transparent and scalable analysis of building-level performance. 

OEMOF is a Python-based platform that builds flexible and modular energy system 
models  [11]. Its main advantages are its ability to accommodate different energy sources and 
sectors (electricity, heat, transportation) and support for multi-node and multi-commodity 
modeling. OEMOF uses a graph-based approach and can be adapted to solvers such as CBC, 
CPLEX, or Gurobi, especially in MILP-based optimization. 

In a study by [88], OEMOF was used in Germany, particularly by the University of 
Applied Sciences Nordhausen, to model the energy system of the state of Thuringia to achieve 
the goal of carbon neutrality by 2050. The model covers the electricity, heat, and mobility 
sectors with hourly time resolution and integrates various technologies such as renewable 
energy, Power-to-X, and energy storage. The results are used to evaluate the most efficient and 
low-emission energy transition pathways, making OEMOF an effective tool for open data-
driven energy policy analysis at the regional level. 

Beyond this example, OEMOF has been increasingly adopted across Western Europe, 
especially in countries with firm commitments to open science and decarbonization policies. 
Germany, where OEMOF originated, provides an ecosystem that fosters the development of 
open-source energy tools—through academic collaboration, national energy transition goals, 
and a culture of transparent data sharing. These factors have positioned OEMOF as a widely 
accepted modeling framework in research and institutional planning contexts. This reflects a 
broader trend in the modelling community, where open-source tools are increasingly leveraged 
to enhance transparency, reproducibility, and collaborative research, as highlighted by 
DeCarolis et al. [89]. 

 
PyPSA (Python for Power System Analysis) 
 

PyPSA (Python for Power System Analysis) is an open-source framework for modeling 
and optimizing energy systems across the electricity, heat, transportation, and hydrogen 
sectors. With high spatial and temporal resolution, PyPSA enables modular simulation from 
local to regional scales. It supports power flow analysis, capacity expansion, and system cost 
optimization, making it a flexible and inclusive solution for open-data-driven energy transition 
planning [90].  
 PyPSA excels in large-scale energy system modeling and integrated power grids with 
high mathematical optimization capabilities. It is suitable for long-term analysis and national 
or regional policy studies. Meanwhile, OEMOF is more architecturally flexible and robust for 
simulations of complex and modular local energy systems, especially for community-based 
studies or energy decentralization projects. The choice between the two depends on the 
system's scale, the study's purpose, and the need for technical analysis. 
 From a structural perspective, OEMOF’s graph-based modular architecture allows 
explicit representation of multi-commodity flows (electricity, heat, gas, hydrogen) within a 
unified object-oriented framework. This provides flexibility in modelling decentralized 
regional systems where sector coupling is essential. 
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PyPSA, on the other hand, demonstrates superior performance in large-scale 
transmission grid modeling due to its optimized linear power flow implementation. However, 
quantitative benchmarking studies directly comparing runtime or scalability between OEMOF 
and PyPSA for multi-commodity regional systems remain limited in the literature. Thus, while 
OEMOF offers architectural transparency and cross-sector modular flexibility, the measurable 
advantage depends on modelling objectives, spatial scale, and solver configuration. 
 
Calliope 

 
Calliope is an open-source energy systems modeling framework that adopts a declarative 

approach [91], making it easier for users to compile models with a simpler syntax than OEMOF 
or PyPSA. Calliope is ideal for energy system modeling in the context of location and capacity 
optimization and simulating the trade-off between costs and emissions. 
 The advantages of Calliope lie in its ease of use by non-programmer users and excellent 
documentation. However, the limitation is in structural flexibility and scalability for large 
models with multiple nodes or technologies. Key technical aspects, including modeling scale, 
sectoral focus, and ease of use, are compared across OEMOF, PyPSA, and Calliope in Table 3 
 

Table 3 Technical comparison between OEMOF, Pypsa, and Calliope 

Key Feature OEMOF PyPSA Calliope 
Programming 
Language Python Python Python 

Modeling 
Architecture 

Modular, graph-based 
structure 

Network-based power 
system modeling 

Declarative, 
YAML-based 
configuration 

Optimization 
Approach 

LP/MILP (flexible 
solver integration: 
CBC, CPLEX, Gurobi) 

Linear optimal power flow 
(LOPF), MILP, AC-OPF LP/MILP 

Primary Sector 
Focus 

Multi-sector 
(electricity, heat, 
transport, gas, 
hydrogen) 

Primarily electricity 
systems (with sector-
coupling extensions) 

Flexible depending 
on user-defined 
scope 

Modeling Scale Local, regional, 
national 

National, continental (e.g., 
European grid studies) Local to national 

Ease of Use Medium (requires 
Python familiarity) 

Medium–High (strong 
documentation for power 
system users) 

High (user-friendly 
syntax for 
beginners) 

Scalability 
High for modular 
multi-commodity 
systems 

Very high for large-scale 
transmission modeling 

Moderate for large 
multi-node systems 

Community & 
Documentation 

Active academic 
community 

Very active international 
community 

Active but smaller 
user base 

 
The choice of framework depends mainly on the study's objectives, the sector's scope, 

and the user's level of expertise. OEMOF is suitable for cross-sectoral national energy 
modeling with flexible scenario needs. PyPSA is ideal for large-scale electricity simulations 
and cross-border interconnections, while Calliope offers an efficient starting point for trade-
off-based energy system analysis at the local or national level. 
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Thematic Discussions: Advantages, Limitations, and Implications 
 

Deterministic methods such as LP and MILP offer advantages in accuracy, transparency, 
and the ability to generate optimal solutions in well-defined systems. Its reliability makes it a 
top choice in long-term policy-based studies, especially in developed countries with well-
established data and computing infrastructure. 

Meanwhile, metaheuristic algorithms demonstrate high flexibility for complex and 
nonlinear energy systems and provide competitive solutions for realistic energy system 
configurations in developing countries. This approach is especially beneficial in regions with 
limited data or technical resources. 

Artificial intelligence (AI)-based approaches offer strong adaptivity to dynamically 
changing conditions, such as weather fluctuations or energy demand. AI also strengthens the 
potential for integrating IoT-based systems and smart grids, making it particularly relevant for 
future energy planning scenarios. 

Open-source frameworks such as OEMOF, PyPSA, and Calliope contribute to model 
development's transparency, flexibility, and sustainability. The existence of an active 
community and good documentation also strengthens the position of this framework in 
supporting evidence-based energy planning systems. In this context, OSeMOSYS Global has 
also emerged as a notable initiative, demonstrating how open-source and open-data modelling 
can be applied to generate large-scale electricity system models with high transparency and 
global comparability [96]. OEMOF, in particular, shows practical advantages in countries like 
Germany, where policy support, academic collaboration, and open data culture accelerate its 
real-world adoption in national energy planning. 

Some of the key limitations found include: 
1. The reliance of AI models on quality and adequate training data. 
2. The complexity of calculations in MILP is high when the scale of the model is large and 

involves many integer variables. 
3. Low interpretability on AI-based models (black-box problem). 
4. Most studies have weak integration between technical and socio-economic dimensions, 

especially in developing countries. Recent reviews also highlight that multi-criteria 
decision-making (MCDM) approaches provide a structured way to incorporate 
sustainability, environmental, and social considerations into decentralized hybrid energy 
systems, helping to overcome this limitation [97]. 

5. There is no standard for evaluation or benchmarking of models between countries. 
According to a recent comprehensive review, although MCDM methods have advanced 
significantly and are increasingly applied in renewable energy systems, they still face 
challenges related to standardization, comparability, and consistent evaluation frameworks 
across studies [98]. 

In addition, although open-source frameworks are growing in popularity, their adoption 
rates in developing countries are still low due to a lack of human resources, technical training, 
and policy support. To address these gaps, recent studies recommend integrating multi-criteria 
decision making (MCDM) frameworks into hybrid renewable energy system design, allowing 
for a more systematic balance between technical, economic, environmental, and social 
objectives [99]. 
 
Policy Implications and Future Research Directions 
 

This study shows that the optimization approach in national energy planning must be 
adapted to the local technical, socio-economic, and policy context. Hybrid methods—which 
combine deterministic, metaheuristic, and AI—are a strategic direction to address the 
challenges of dynamic future energy systems. 
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From a policy perspective, it is necessary to: 
1. Strengthen technical capacity in developing countries, 
2. Cross-border collaborative approach to open-source technology transfer such as OEMOF, 
3. And the development of an open and standardized national energy data ecosystem. 
From the research side, there is a need for encouragement to integrate socio-economic aspects 
into optimization models, as well as the development of visual and interactive tools that 
strengthen the role of models as decision-support tools in long-term energy planning. 
 
CONCLUSION 

 
This systematic literature review examined 54 studies to classify optimization methods 

and open-source frameworks used in national renewable energy planning. A key finding of this 
study is that deterministic approaches such as LP and MILP are predominantly used in 
developed countries, where energy systems are more stable and structured. In contrast, 
developing countries tend to rely more on metaheuristic algorithms such as GA, PSO, and 
GWO, which are better suited to handle data limitations and complex system conditions. 
Additionally, AI-based methods such as ANN and LSTM are gaining traction for dynamic 
modeling and prediction, although they require large training datasets. 

Open-source frameworks such as OEMOF, PyPSA, and Calliope play a crucial role in 
promoting transparent, replicable, and adaptable energy planning processes. The study also 
highlights a significant contrast in methodological orientation between developed and 
developing countries—with the former focusing on cross-sectoral integration and policy 
scenario analysis, while the latter prioritize expanding energy access and cost efficiency. 
Since no single method proves universally superior, recent reviews also emphasize that the 
optimization of hybrid energy systems requires balancing accuracy, robustness, and 
computational efficiency across diverse methods [100]. Developing hybrid approaches that 
combine the strengths of deterministic, metaheuristic, and AI techniques emerges as a 
promising strategy to support resilient and sustainable national energy planning. Looking 
forward, future research should focus on integrating technical and socio-economic modeling, 
evaluating the applicability of open-source tools in developing country contexts, and creating 
interactive decision-support tools to enhance data-driven policymaking. 
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Symbols 
LCOE Levelized Cost of Energy [EUR/kWh] 
ml/min Flow rate [ml/min] 
mol L⁻¹ Molar concentration [mol L⁻¹] 
NPV Net Present Value [EUR] 
t CO₂ Ton of carbon dioxide [t] 
Mt CO₂ Megaton of carbon dioxide [Mt] 
 
Greek letters 
ΔQ Change in quantity – 
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Abbreviation  

AI Artificial Intelligence 
ANN Artificial Neural Network 
BESS Battery Energy Storage System 
DH District Heating 
GA Genetic Algorithm 
GWO Grey Wolf Optimizer 
IoT Internet of Things 
LP Linear Programming 
LSTM Long Short-Term Memory 
MILP Mixed-Integer Linear Programming 
OEMOF Open Energy Modelling Framework 
PRISMA Preferred Reporting Items for SLR 
PSO Particle Swarm Optimization 
PyPSA Python for Power System Analysis 
SSP Social Spider Prey Algorithm 
SVM Support Vector Machine 
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APPENDIX 

20% → Percentage 
15 °C → Temperature in degrees Celsius 
30 ml/min → Flow rate 
NPV = 5 EUR → Net Present Value in Euro 
3.9 kEUR/t → Cost per ton (thousand Euro) 
t CO₂ → Metric ton of carbon dioxide 
Mt CO₂ → Megaton of carbon dioxide 
CO₂ eq. → Carbon dioxide equivalent 
≥ 1,000 → Greater than or equal to one thousand 
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ΔQ → Change in quantity 
mol L⁻¹ → Molar concentration 
 
LP = Linear Programming 
MILP = Mixed-Integer Linear Programming 
GA = Genetic Algorithm 
PSO = Particle Swarm Optimization 
 
GWO = Grey Wolf Optimizer 
SSP = Social Spider Prey (Algorithm) 
ANN = Artificial Neural Network 
SVM = Support Vector Machine 
LSTM = Long Short-Term Memory 
OEMOF = Open Energy Modelling Framework 
PyPSA = Python for Power System Analysis 
PRISMA = Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
AI = Artificial Intelligence 
IoT = Internet of Things 
LCOE = Levelized Cost of Energy 
BESS = Battery Energy Storage System 
DH = District Heating 
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