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ABSTRACT 

The built environment is a major contributor to global energy consumption and 

CO2 emissions, necessitating a focus on building energy efficiency. This study reviews 

the evolution of optimization techniques in improving building performance, emphasizing 

computational simulations, machine learning, and multi-objective optimization. Despite 

their proven benefits, practical application remains limited due to barriers like high 

computational demands, specialized knowledge, and software integration issues. This 

review identifies key obstacles and proposes strategies to enhance usability and efficiency. 

Addressing these challenges requires integrated workflows, industry-academia 

collaboration, and standardized guidelines. By overcoming these hurdles, the building 

sector can significantly advance in energy efficiency, sustainability, and climate resilience. 

This work highlights the importance of bridging the gap between research and practice to 

fully leverage optimization methods in building design. 
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1. Introduction 

The building sector plays a significant role in global energy consumption and greenhouse 

gas emissions, accounting for approximately 44% of final energy use and 40% of CO2 emissions 

split between construction and operation phases [Kistelegdi et al. 2022]. Given its significant 

environmental impact, especially in terms of energy usage, there is a pressing need for 

improvement. Energy-efficient buildings not only help mitigate these impacts but also enhance 

energy security by reducing dependence on non-renewable energy sources and lowering the risks 

associated with energy price volatility [Ascione et al. 2019], [Berg and Fuglseth 2018]. 

As urbanization continues to rise, alongside the effects of climate change, the demand for 

energy—particularly for heating, cooling, and other resources—is increasing [Chapman et al. 

2017]. This makes the development of energy-efficient buildings more critical than ever. As a 

result, modern building design has become more complex, requiring a focus on climate resiliency, 

adherence to stringent energy standards, and a careful balance of objectives such as reducing 

energy consumption, maintaining occupant thermal comfort, and minimizing the overall 

environmental impact [Li et al. 2021]. 

Meeting these demands necessitates the integration of advanced technologies and 

renewable energy sources, high-performance building envelopes, energy-efficient HVAC systems, 

and smart building technologies. This holistic approach ensures that buildings are not only efficient 

but also resilient and adaptable to changing conditions. 

Optimization techniques have emerged as useful tools for improving building energy 

efficiency, enabling the identification of optimal design parameters, operational strategies, and 

retrofit solutions that can significantly enhance a building's energy performance [Shi et al. 2016]. 

Techniques such as computational simulations, machine learning algorithms, and multi-objective 

optimization have proven particularly effective in modeling and improving building systems, 

identifying the most effective design choices, material selections, and operational strategies [Fumo 

2014], [Evins 2013]. 

Despite the advancements in optimization techniques, their application in real-world 

building projects remains limited. The building industry continues to rely on traditional design and 

construction methods due to various barriers, including the complexity of optimization tools, the 

need for specialized expertise, upfront costs, and regulatory challenges. Additionally, resistance to 

adopting new technologies and methodologies within the sector hinders the broader use of 

optimization techniques [Attia et al. 2021]. This gap between research and practical application 

calls for further investigation into how optimization techniques can be better integrated into the 

industry's standard practices. 

To bridge this gap, it is essential to map recent studies to provide insights into the 

evolution of optimization methods in building energy efficiency and identify potential future 

research areas. Through a critical literature review, this study intends to address the following 

topics: 

1 - How has the use of optimization methods in building energy efficiency evolved over 

the years; 

2 - What are the main obstacles hindering the adoption of optimization methods in the 

building industry; 

3 - What strategies can be employed to improve the usability and computational 

efficiency of optimization methods in building design? 

By exploring these questions, this study seeks to contribute to the advancement of 

knowledge in building performance optimization, facilitating the development of more sustainable 

and energy-efficient buildings. 

This work is divided into four sections. Following a brief introduction in Section 1, the 

methods adopted for selecting the works considered in this literature review are presented in 

Section 2. Section 3 discusses the evolution of optimization in the building sector literature, and 
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Section 4 presents obstacles for a more widespread adoption of optimization methods in the 

building industry. Finally, Section 5 brings conclusions and suggestions for future research. 

 

2. Methods 

A systematic literature review was conducted to assess the current research on the 

application of optimization techniques to building energy efficiency. The Scopus and 

ScienceDirect databases were selected for this review due to their relevance and comprehensive 

coverage in engineering and operations research. The search included keywords such as “building 

performance simulation” AND “optimi?ation” to account for both British and American spellings. 

To focus on recent developments, a time filter was applied to include works published 

from 2010 onwards. Additionally, only peer-reviewed articles written in English were considered, 

ensuring both the quality of the research and accessibility to a broader audience. Table 1 outlines 

the search process. 

 

Table 1: Search Procedure 

Database Search Terms Results 

Scopus 

“building performance simulation” AND 

optimi?ation 153 

Science Direct 

“building performance simulation” AND 

optimi?ation 80 

Science Direct “building energy efficiency” AND optimi?ation 68 

Source: Author's own work 

 

After the initial search, the results were manually filtered to remove duplicates and 

exclude papers that did not align with the research focus. This filtering process ensured that only 

the most relevant studies were selected. 

The review process involved extracting and synthesizing key information from the 

remaining studies, focusing on: 

1) Relevance to the optimization of building energy efficiency,  

2) Detailed description of the optimization methods and their application, and  

3) Quantitative analysis of the optimization results and their impact on energy efficiency 

improvement. 

This approach ensured a thorough understanding of the topic and a focus on the most 

significant advancements in building energy efficiency optimization techniques. 

 

3. Evolution of the Optimization Applied to Building Energy Efficiency 

The optimization of building energy efficiency has gone through extensive evolution, 

employing various methods over time. Early approaches, constrained by limited computational 

power, primarily targeted single-objective optimization, such as minimizing energy consumption 

or cost [Longo et al. 2019]. Among these, analytical optimization techniques were particularly 

noteworthy for their use of mathematical models to derive optimal solutions [Kramer et al. 2012]. 

One notable application of early analytical methods was optimizing building geometry 

to minimize direct solar irradiation, leveraging the Calculus of Variations to derive theoretically 

optimal building forms [Caruso et al. 2013]. Despite simplifying assumptions about building 

materials and a focus on rectangular shapes, this research provided practical guidelines for 

enhancing energy efficiency. Additionally, other studies focused on optimizing building 

components, like window size and envelope materials, demonstrating the practical benefits of 

analytical methods despite their inherent assumptions [Pisello et al. 2017], [Nassar and Aly 2013]. 

With advances in computational power, Building Performance Simulation (BPS) tools 

saw advancements. Researchers began integrating analytical methods with these simulation tools, 

using linear and nonlinear programming to optimize building performance based on simulation 
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outputs. This integration led to more energy-efficient designs capable of meeting multiple 

objectives [Touloupaki and Theodosiou 2017]. Building Performance Simulation tools such as 

EnergyPlus, TRNSYS, and IDA ICE became standard for modeling and evaluating building energy 

performance, providing insights for various optimization algorithms [Samaan et al. 2018], [Pan et 

al. 2023]. 

The field then shifted towards multi-objective optimization techniques, which allow for 

the simultaneous consideration of multiple, often conflicting objectives [Tsala and Koronaki, 

2021], [Machairas et al. 2014], [Kheiri 2018]. This approach recognizes the complexity of building 

design, where decisions must balance a range of stakeholder needs, such as energy efficiency, cost, 

and environmental impact [Shao et al. 2014]. These techniques are crucial because objectives like 

minimizing energy use, ensuring thermal comfort, and managing construction costs often conflict 

[Sun et al. 2020], [Rosso et al. 2020]. Multi-objective optimization requires a careful evaluation of 

design alternatives, accounting for multiple goals and stakeholder preferences [Hamdy and Mauro 

2017], [Nadkarni and Puthuvayi 2020]. However, balancing these competing objectives can 

increase complexity and lead to inefficiencies, as noted by Allmendinger et al. [2021]. 

Heuristic optimization methods, such as genetic algorithms and particle swarm 

optimization, emerged as useful tools for addressing the complexity of building energy 

optimization [Abdallah and El‐Rayes 2015], [Motlagh et al. 2021]. These algorithms, which mimic 

natural selection processes, iteratively improve design solutions based on their fitness. For 

example, genetic algorithms coupled with EnergyPlus have reduced life-cycle costs and energy 

demand in building designs [Ferdyn-Grygierek and Grygierek 2017]. 

Integrating evolutionary algorithms with simulation tools can be computationally 

expensive, especially for large-scale models. Parameter settings are critical to avoid converging to 

local optima and require expertise for effective application. The population-based search strategy 

of evolutionary algorithms leads to high computational complexity, particularly in contexts where 

detailed simulations are needed [Calcerano & Martinelli 2016]. The extensive search spaces of 

these problems demand evaluating many potential solutions, increasing computational demands 

further.  

Achieving high-quality solutions near the Pareto front necessitates numerous generations 

and evaluations. Handling multiple objectives adds effort by maintaining and comparing diverse 

solution sets. Balancing exploration and exploitation in high-dimensional problems extends run 

times for satisfactory convergence and precision [Wright et al. 2013]. Additionally, stochastic 

simulations increase computational needs due to variability and uncertainty; although parallel 

computing can accelerate evaluations, practical limits exist based on hardware and algorithm 

efficiency. 

In recent years, artificial intelligence (AI) techniques, such as reinforcement learning and 

generative adversarial networks (GANs), have been applied to building energy optimization, 

further advancing the field. Reinforcement learning enables agents to learn optimal decision-

making strategies by interacting with simulated environments through trial and error. Meanwhile, 

GANs have the potential to automatically generate high-performing building designs, offering a 

new dimension to optimization. Integrating these innovative AI-driven approaches with traditional 

simulation-based methods presents promising opportunities for addressing the increasing 

complexity of building energy optimization [Zemero et al. 2019], [Carlucci et al. 2015], 

[Wortmann 2017], [Olatunde et al. 2024]. 

To mitigate these computational challenges, researchers have explored meta-modeling 

techniques like the Distance-Weighted Gradient-Network (DWGN) method [Brunetti 2020]. This 

method reduces the sampling size needed for design space exploration by using near-neighbor 

gradients to interpolate unknown points. It outperforms traditional methods like kriging, 

particularly in handling sparse data and unsmooth performance landscapes, significantly lowering 

computational burdens while maintaining high predictive accuracy and improving optimization 

efficiency. 
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Beyond evolutionary algorithms, robust optimization methods have been developed to 

identify solutions resilient to uncertainties in input parameters and operating conditions, such as 

weather and occupant behavior [Shao et al. 2014], [Tsala and Koronaki 2021]. Additionally, 

machine learning-based optimization leverages data-driven models, such as surrogate models, to 

explore design spaces and identify optimal solutions efficiently. These models predict performance 

based on initial simulations, enabling real-time feedback during the design process and enhancing 

the quality and diversity of generated designs [Brown 2020]. 

 

4. Challenges in Widespread Adoption and Future Perspectives  

Despite significant progress, several challenges hinder the widespread adoption of 

optimization techniques in building energy efficiency. These challenges include high 

computational demand, software integration issues, the steep learning curve associated with 

advanced optimization methods, and a disconnect between research and industry. The key 

challenges include:  

4.1. High Computational Demand  

 Optimization methods such as evolutionary algorithms and multi-objective 

optimization are computationally intensive, requiring substantial resources and time for large-

scale projects or complex building designs [Piotrowski et al. 2017], [Yi 2020]. These methods 

often necessitate numerous iterations, simulations, and evaluations to converge on optimal 

solutions, which can lead to prohibitively long processing times [Calcerano & Martinelli 2016], 

[Wright et al. 2013]. 

4.2. Steep Learning Curve 

Advanced optimization techniques demand a high level of expertise to set up simulations, 

configure optimization parameters, and interpret results. This complexity can present a barrier for 

professionals without advanced training in these areas, such as architects and engineers [Raj et al. 

2021]. Additionally, the challenge of parameter settings in evolutionary algorithms makes it 

difficult to avoid local optima and achieve effective outcomes [Ferdyn-Grygierek and Grygierek 

2017]. 

4.3. Cost and Resource Constraints 

Acquiring and implementing advanced BPS tools and optimization software is costly, and 

continuous investment is required for software updates, hardware maintenance, and staff training 

[Raj et al. 2021]. For smaller firms or projects, these costs can be prohibitive, limiting access to 

these technologies. 

4.4. Software Compatibility and Integration 

Ensuring seamless integration between different simulation and optimization tools can be 

challenging due to differences in data formats, user interfaces, and processing capabilities 

[Østergård et al. 2016]. This creates bottlenecks in workflow and increases the complexity of 

applying optimization methods in practical settings. 

4.5 Disconnect Between Research and Industry 

While academic researchers focus on developing novel optimization methods, these innovations 

are often not aligned with the practical constraints of real-world projects [Nguyen et al. 2014]. 

Industry practitioners may face challenges in applying research-based methods that have not been 

tested or adapted for large-scale, real-world use. 

4.6. Proposed Solutions and Future Research Directions 

To address these challenges, several strategies can be implemented. First, meta-modeling 

techniques like the Distance-Weighted Gradient-Network (DWGN) method can reduce 

computational demands by optimizing the sampling size needed for design exploration [Brunetti 

2020]. Machine learning-based optimization, which uses surrogate models to predict performance, 

is another promising avenue that allows for real-time feedback during the design process, reducing 

computational overhead [Brown 2020]. 

Second, improving accessibility through the development of user-friendly interfaces for 

optimization tools is essential. These tools should combine ease of use with computational 
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efficiency, reducing the expertise required to apply advanced methods. For example, automating 

parameter tuning and simplifying the setup process could lower barriers to entry for industry 

professionals. Additionally, collaboration between academia and industry is crucial to ensure that 

optimization techniques are both innovative and practical. Joint efforts, such as co-developing tools 

and conducting case studies, can bridge the gap between research and practice, accelerating the 

adoption of these methods [Huang and Niu 2016], [Mei and Wang 2021]. 

Lastly, establishing standardized guidelines and benchmarks for applying optimization 

in building design is important to support broader adoption. Comprehensive standards can promote 

consistency and encourage best practices, making it easier for industry stakeholders to implement 

these methods [Aste et al. 2017]. By addressing these challenges through a focused research agenda 

and collaboration between academia and industry, the full potential of optimization techniques can 

be realized in creating energy-efficient and sustainable buildings. 

 

5. Conclusions 

This review contributes to addressing a research gap in understanding and implementing 

of optimization methods within the building sector, while also shedding light on the evolution of 

their integration. By critically reviewing recent literature and aiming to answer key research 

questions, including how the utilization of optimization methods in building energy efficiency has 

evolved over time, what obstacles hinder their widespread adoption in the industry, and what 

strategies can enhance their usability and computational efficiency in building design, this study 

offers valuable insights.  

There is a lot of potential for improving energy efficiency and overall sustainability in 

the building sector through optimization. Additionally, there is a growing need for improving 

energy efficiency and other goals such as resiliency to climate change and occupant thermal 

comfort. Techniques such as evolutionary algorithms, robust optimization, and machine learning-

based methods have shown promise in improving building energy performance, occupant comfort, 

and environmental impact.  

However, some challenges persist, underscoring the need for closer collaborations 

between the research community and industry to develop user-friendly tools and establish clear 

guidelines and benchmarks. Addressing these challenges is crucial for unlocking the full potential 

of optimization methods in enhancing energy efficiency, sustainability, and resilience to climate 

change in the building sector, while ensuring occupant thermal comfort. 
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