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Abstract: In order to reduce the contribution of the building sector to global greenhouse gas emissions
and climate change, it is important to improve the building performance through retrofits from the
perspective of carbon emission reductions. Data-driven methods are now widely used in building
retrofit research. To better apply data-driven techniques in low-carbon building retrofits, a better un-
derstanding is needed of the connections and interactions in optimization objectives and parameters,
as well as optimization methods and tools. This paper provides a bibliometric analysis of selected
45 studies, summarizes current research hotspots in the field, discusses gaps to be filled, and proposes
potential directions for future work. The results show that (1) the building-performance optimization
(BPO) process established through physical simulation methods combines the site, retrofit variables,
and carbon-related objectives, and the generated datasets are either directly processed using multi-
objective optimization (MOO) algorithms or trained as a surrogate model and iteratively optimized
using MOO methods. When a sufficient amount of data is available, data-driven methods can be
used to develop mathematical models and use MOO methods for performance optimization from the
perspective of building carbon emission reductions. (2) The benefits of retrofits are maximized by
holistically taking environmental, economic, and social factors into account; from the perspectives of
carbon emissions, costs, thermal comfort, and more, widely adopted strategies include improving
the thermal performance of building envelopes, regulating HVAC systems, and utilizing renewable
energy. (3) The optimization process based on data-driven methods, such as optimization algorithms
and machine learning, apply mathematical models and methods for automatic iterative calculations
and screen out the optimal solutions with computer assistance with high efficiency while ensuring
accuracy. (4) Only 2.2% and 6.7% of the literature focus on the impacts of human behavior and climate
change on building retrofits, respectively. In the future, it is necessary to give further consideration
to user behaviors and long-term climate change in the retrofit process, in addition to improving
the accuracy of optimization models and exploring the generalization and migration capabilities of
surrogate models.

Keywords: carbon emissions reduction; building retrofit; building-performance optimization; data-driven
methods; bibliometric analysis

1. Introduction

1.1. Background

Climate change and greenhouse gas emissions (GHGEs) have emerged as critical
concerns impacting the sustainable development of global human habitations [1]. Global
Carbon Emissions (CEs) are increasing at a rate of about 2% annually [2] and have risen
by approximately 10 billion tons over the past two decades [3]. The construction industry
contributes ~40% to the global CEs [4], making it a primary driver of global warming [5].
Moreover, with current high urbanization rates and buildings’ long lifespans [6], urban
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construction has entered a phase of stock renewal, necessitating extensive retrofitting of
existing buildings now and in the future [7]. Retrofitting buildings represents a practi-
cal approach to significantly reducing GHGEs [8] and offering substantial environmen-
tal, social, and economic benefits [9], thus plays a pivotal role in advancing long-term
sustainable developments [10].

A building retrofit is an intervention to add new materials or elements to existing
buildings [11], encompassing methods like upgrading the building envelope, enhancing
mechanical systems, and improving operations and management [12]. It serves not only to
facelift old buildings but also as a potent means to attain environmental sustainability [13]
and building-performance optimization (BPO) [14]. BPO objectives guide the direction of
building retrofit strategies [15], and when balancing competing goals such as CEs, energy
efficiency, and thermal comfort [16], predictive models are essential for selecting optimal
solutions from a range of alternatives [17].

Building-performance prediction models are typically categorized into physical mod-
els based on building operational process simulations and mathematical models employing
data-driven methods [5]. Physics-based models offer precise and reliable calculations, yet
their complexity in input parameters and transient modeling increase computational costs.
In contrast, mathematical models provide rapid and efficient performance predictions but
require extensive data for model developments and often lack physical interpretations of
building-performance parameters [18].

Traditional approaches to retrofitting individual buildings typically rely on architects’
knowledge and experience to enumerate and compare options. However, this often faces
challenges due to the vast search space and the difficulties in exploring all potential al-
ternatives exhaustively. Advances in computer technology have introduced data-driven
methods to the retrofit process, leveraging computer-assisted sampling and iterative calcu-
lations for automated evaluations of retrofitting options to derive optimal solutions [19].
Contrasted with traditional methods, this approach overcomes constraints of time and
space [20], thereby enhancing the accuracy and efficiency of decision-making processes [21].

Due to the rising complexity of retrofit standards and objectives, surrogate models (also
known as metamodels) have garnered significant attention in recent years for their ability to
integrate the strengths of both physics-based and mathematical models. These models are
trained using a limited set of simulation data as samples. Following parameter adjustments
and validations, they can swiftly generate highly accurate results with appropriate input
datasets [22], omitting extensive simulations and substantially cutting down calculation times.

Research on building retrofits focusing on Carbon Emission Reductions (CERs) has
extensively utilized BPO based on data-driven methods [23–25]. While the optimization
procedures in various studies share similarities, differences exist in the methods and tools
employed. Thus, it is essential to review existing research, comprehend the development
and evolution of the focal points of current research, summarize the characteristics and
mechanisms behind the most frequently utilized as well as promising new methods and
tools, and provide suggestions and guidance for future research and practice towards the
design optimization of CER-based building retrofits.

1.2. Previous Reviews

Previous studies have explored topics related to building retrofits, building CERs,
and data-driven methods. Addressing current challenges in building retrofits, scholars
have offered theoretical guidance and practical recommendations for implementing retrofit
projects, choosing retrofitting tools, and formulating retrofit standards. These efforts en-
compass perspectives such as sustainable retrofits [14], energy-saving retrofits [26], and
decision-making methods [27]. In retrofit projects aimed at CERs, researchers primarily
assess the environmental impact across the building’s life cycle [11], emphasizing ele-
ments like building envelopes, floor plan layouts, and natural ventilation strategies [28] to
minimize both Operational Carbon Emissions (OCEs) and Embodied Carbon Emissions
(ECEs). Furthermore, data-driven methods play a crucial role in addressing complex issues
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such as energy predictions and control within buildings [5], contributing to revealing
energy-saving potentials. The surrogate models developed through data-driven methods
are applied in Building-Performance Simulations (BPSs) and optimization processes to
enhance computational efficiency [22].

1.2.1. A Review of Building Retrofit Research

Jagarajan et al. [13] asserted that green buildings can significantly enhance environmen-
tal sustainability across design, construction, and maintenance phases, thereby reducing
the environmental influence of existing buildings. Their systematic literature review and
analysis of green building retrofit initiatives noted a paucity of research concerning critical
factors influencing the implementation of retrofit projects, emphasizing the need to focus
on the problems faced by stakeholders, such as the lack of financial incentives from the
government and the limited availability of green material and technology. Nielsen et al. [14]
evaluated decision support tools applicable to building retrofit projects, discussing their
application in establishing sustainable development goals, formulating design strategies,
and assessing performance. They advocated the use of sustainable standards to provide
clearer criteria for screening existing buildings. In a study focused on China, Liu et al. [26]
examined obstacles and challenges in building energy-saving retrofit practices and ana-
lyzed the evolving national and local incentive measures. Their work contributed to the
theoretical foundation of energy-saving policies and standards, proposing a data-driven
decision-making system to guide optimal retrofit measure selections. Pombo et al. [29]
conducted a review of residential building retrofit research, highlighting the variability in
methods for evaluating energy-efficiency measures. They underscored the importance of
adopting a life-cycle approach, including methodologies like life cycle assessments (LCAs)
and life-cycle costs (LCCs) to identify optimal solutions and assess the retrofit potential of
residential buildings. These studies emphasized the multifaceted challenges and opportu-
nities in green building retrofit initiatives, offered insights into enhancing sustainability
practices, and supported decision-making framework developments.

1.2.2. A Review of Building CER Retrofit Research

Vilches et al. [11] conducted a comprehensive review on building retrofits and environ-
mental assessments using LCA methods. Their findings highlight that the construction and
operational phases are most frequently analyzed, with a primary focus on impact categories
such as the global warming potential (GWP) and embodied energy. Mostafavi et al. [28]
reviewed 48 studies from 2005 to 2020 investigating energy and carbon performance in
high-rise buildings across diverse climates. They identified the significant potential for energy-
saving through improvements in envelope designs, floor plan optimizations, and the use of
natural ventilation. This study also emphasized strategies to reduce OCEs and ECEs by en-
hancing thermal performance and integrating recycled materials into building constructions.
Li et al. [30] examined sustainable retrofit practices in subtropical high-density cities like
Hong Kong, emphasizing the variability of CER outcomes across different building types
and environmental conditions. For high-rise and multi-story residential buildings, this study
underscored the importance of targeting energy-efficiency improvements in public areas and
optimizing building envelopes to meet CER goals. Aghamolaei et al. [31] conducted a research
study on decarbonization strategies for university campuses under various climatic conditions.
Their research emphasized the critical role of implementing low-carbon and energy-saving
measures across campus infrastructures. This review identified key parameters including
spatial planning, landscape integration, renewable energy adoption, building envelope en-
hancement, and sustainable transportation as pivotal for achieving CER goals. Their study
also anticipated the Internet of Things (IoTs) and the integration of data-driven technologies
to facilitate campus decarbonization efforts through enhanced planning and design processes.
These studies contribute to understanding effective strategies and technologies aiming at re-
ducing CEs in buildings and urban environments, providing insights into tailored approaches
for different building types and climatic contexts.
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1.2.3. A Review of the Application of Data-Driven Methods in Building-Performance Analyses

Wei et al. [5] conducted a thorough review of data-driven methods applied in building
energy analyses, encompassing predictive and classification techniques. Their findings
underscore the efficacy of these methods in energy load forecasts and modeling, facili-
tating comprehensive assessments of macro-level energy-saving potentials aligned with
consumer demands and the formulation of sustainable urban development strategies.
Sun et al. [32] reviewed multi-step energy forecasts using data-driven models. Their
comprehensive analysis encompassed feature engineering, model types, and anticipated
outcomes, proposing future research directions in predictive capabilities and energy model
controls. Roman et al. [16] systematically reviewed the literature on metamodels based on
Artificial Neural Networks (ANNs) and BPS. They detailed the methodology for generating
ANN-based metamodels, covering stages from sample construction to model training and
validation. The authors suggest that for the reproducibility of research results, developers
of the metamodel should try to publicize sample databases, which will facilitate more
in-depth analyses and wide applications in the future. Westermann et al. [22] explored
the application of metamodels in sustainable building design research. They highlighted
statistical models as effective surrogates for detailed simulations, offering computational
efficiency and mitigating barriers in BPS. Their study synthesized successful applications of
metamodels in architectural designs to guide their practical implementation. These studies
contribute to advancing methodologies in energy predictions and sustainable analyses
through the application of data-driven techniques and metamodeling approaches.

Existing reviews primarily focus on enhancing building energy efficiency or providing
decision-making guidance, with limited analyses from the perspective of CERs in building
retrofit approaches. Those that discuss CERs tend to compare retrofit strategies from
the perspective of different building types or building LCAs, with less discussion on the
application of data-driven methods. Reviews of data-driven methods and metamodel
applications emphasize energy predictions and sustainable building designs yet rarely
integrate these approaches into a comprehensive framework for BPO.

Therefore, based on a systematic review, this article explores the relevance of CERs,
building retrofits, and data-driven methods. It introduces research hotspots, compares vari-
ous data-driven methods applied to enhancing building performance, discusses potentials
and challenges in their application in building CER retrofits, and provides suggestions on
the selection of appropriate optimization methods from the perspective of CERs for differ-
ent retrofit conditions and scenarios. It aims to offer an overview of the BPO process using
data-driven methods in CER-based retrofits and provide a timely and valuable reference
for future research.

1.3. Outline and Structure of This Review

The rest of this article is structured as follows: Section 2 outlines the literature
search and selection process (Section 2.1) and methods deployed for bibliometric analyses
(Section 2.2) and summarizes the general process of BPO based on data-driven methods
(Section 2.3). Section 3 details the methodology for constructing BPO models, covering
the simulation method (Section 3.1) and the machine learning method (Section 3.2) and
performance indicators and optimization parameters selected during the optimization
process. Section 4 summarizes the optimization methods and tools (Section 4.1), as well as
the decision-making methods for post-optimization processing (Section 4.2). Building upon
these sections, Section 5 discusses the current status and challenges of building retrofit
methods (Sections 5.1–5.3) and outlines future research directions (Section 5.4). Section 6
provides a summary of the entire article.

2. Literature Screening and Bibliometric Analysis

2.1. Literature Search and Screening

The literature search and screening process followed the guidelines of the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) [33], ensuring a
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transparent, consistent, and comprehensive systematic literature review (SLR) [34]. This
process comprised four phases: identification, screening, eligibility, and inclusion. This
study conducted an extensive literature search across prominent databases in natural
sciences and engineering research, including Scopus, Web of Science (WoS), and Science
Direct (SD) [35]. To maximize the number of retrieved articles, the initial search avoided
terms like “data-driven”, which were later applied during literature screening. Keywords
encompassed three categories related to “building retrofit”, “optimization”, and “carbon
emission”, alongside their synonyms, as outlined in Table 1. Each keyword group was
combined using the Boolean operator “AND” during the search process.

Table 1. Literature search keywords.

Term Keywords

Term 1
“building renovation” OR “building reconstruction” OR “building retrofit *” OR “building

refurbishment” OR “building repairment” OR “building restoration” OR “building upgrade” OR
“building renewal” OR “building improvement” OR “building reformation”

Term 2 multi-objective OR multi-criteria OR optimization

Term 3 “carbon emission” OR “carbon mitigation” OR “CO2 emission” OR “CO2 mitigation” OR
“greenhouse gas” OR “global warming” OR “environmental impact” OR “sustainable development”

Note: The wildcard “*” indicates a fuzzy search and is used to replace words with multiple spelling variants, such
as “retrofit” and “retrofitting”.

Firstly, filtering criteria were applied based on the publication year, document type,
and language during the initial search. Secondly, duplicate articles were removed, and the
remaining results underwent screening based on title, abstract, and keywords. Articles that
aligned with the scope of this paper were then subjected to a full-text review. Finally, all
references were meticulously checked, and relevant ones meeting the criteria were included.
The screening process adhered to the following criteria:

1. To ensure timeliness, articles published within the last 20 years (2003–2023) were
selected. Journal articles, known for their rigorous peer-review process [36], were
prioritized for their representation and impact in this field [37]. Conference papers,
dissertations, and non-English language publications were excluded, retaining only
English-language journal articles. Additionally, to facilitate the focus on research
methodologies and processes, review papers were omitted from consideration.

2. The literature reviewed addresses CEs during the operational phase of buildings,
covering life-cycle carbon emissions (LCCEs), the GWP, and building environmental
effects. Studies focusing solely on energy consumption (EC) without converting
it to CE objectives were excluded due to differences in concepts and calculation
methodologies. Similarly, the literature exclusively discussing CEs during building
construction or other phases was also omitted from consideration.

3. The research must incorporate one or more data-driven methods, such as statistical
analyses, optimization algorithms, or machine learning (ML) to optimize building per-
formance. Studies that merely listed and compared retrofit plans without employing
these methods were excluded.

4. The literature must address the impacts of envelope retrofit measures on the overall
building performance. Studies exclusively focusing on the operations of building
mechanical systems, energy structure predictions, and similar topics were excluded.
Additionally, articles concentrating solely on specific local building components like
curtain wall retrofits and structural seismic performance optimizations were also
excluded.

Figure 1 illustrates the literature search and screening process, which was applied to
retrieve 611 articles from the database. Following screening and supplementation based on
the outlined criteria, 45 articles were selected for a detailed analysis. Based on their content,
the relevant studies are summarized in terms of building location and type, optimization
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objectives and variables, and data-driven methods such as machine learning, sensitivity
analyses, optimizations, and decision-making methods, as shown in Tables 2–4.

Figure 1. Literature search and screening process.

Table 2. Summary of previous research studies (optimization objectives and variables).

Refs. Location Building Type
Optimization

Objective
Optimization Variable

[23] UK Office building LCCs, LCEs, and
LCCEs

Insulation material area of roof and exterior wall,
equipment and energy system,

PV panel area, and solar thermal device.

[24] Switzerland Residential
building CEs and ACs

U-/R-value of roof, exterior wall, and ground; window type;
equipment and energy system; PV system; and solar

thermal device.

[25] Italy Office building ECs, TDHs, GCs,
and GHGEs

Surface material characteristics of roof and exterior wall,
insulation material thickness of roof and exterior wall,

window type, equipment and energy system,
sunshade component, and PV panel angle and area.

[38] UK Office building LCCEs and OCE Insulation material type of roof and exterior wall,
equipment and energy system, and solar thermal device.

[39] UK Office building LCCs, LCEs, and
LCCEs

Insulation material type and area of roof and exterior wall,
window-to-wall ratio, equipment and energy system,

PV panel area, and solar thermal device.

[40] China Shopping mall OCEs U/R-value of exterior wall, Glass material,
Sunshade component and equipment and energy system.

[41] Iran Residential
building CEs and TDHs

Insulation material thickness of roof and exterior wall,
insulation material thickness and type of ground,
window type, airtightness, and equipment and

energy system.

[42] Canada Office building ECs and CEs
Insulation material type of roof, exterior wall, and floor;

window type; airtightness; and equipment and
energy system.
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Table 2. Cont.

Refs. Location Building Type
Optimization

Objective
Optimization Variable

[43] Finland Office building LCCs, RCs, CEs,
and TDHs

Insulation material thickness of roof and exterior wall,
window type, sunshade component,

equipment and energy system, and PV system.

[44] Iran Residential
building ECs and the GWP Insulation material type and thickness of exterior wall and

exterior wall type (combination of different materials).

[45] Canada Educational
building

ECs, LCCs, and
LCAs

Type of roof and exterior wall, glass material, airtightness,
window opening percentage, and equipment and

energy system.

[46] Korea Residential
building

RCs, LCCs,
LCCEs, and CERs

Insulation material type and thickness of exterior wall,
window type, sunshade component,
and equipment and energy system.

[47] France Educational
building

ECs, TDHs, RCs,
and CEs

Type of roof, floor, ground, and interior and exterior wall;
window type, and sunshade component.

[48] Europe Residential
building

ECs, RCs, OCs,
and CEs

Surface material characteristics of roof and
exterior wall,

window type, sunshade component, sunspace,
building form, PV panel angle and area, and solar

thermal device.

[49] Finland Residential
building

ECs, LCCs, and
CEs

Insulation material thickness of roof and
exterior wall,

window type, door material, PV panel area,
solar thermal device, and equipment and energy system.

[50] Iran Residential
building

CEs, WCs, LCCs,
and TDHs

Insulation material type and thickness of roof and
exterior wall,

glass material, filling gas, PV panel area,
and equipment and energy system.

[51] China Residential
building

CEs, TDHs, and
GCs

Surface material characteristics, insulation material type and
thickness of roof and exterior wall, window type,

sunshade component, sunspace, and PV panel angle
and area.

[52] China Residential
building

ECs, RCs, and
CERs

Insulation material type of roof, exterior wall and floor,
glass material, window-to-wall ratio, and sunspace.

[53] Estonia Residential
building

GCs, ECs, and
LCCEs

Insulation material thickness of exterior wall,
surface material characteristics of roof,

window type, door material, and building form.

[54] Korea Educational
building

ECs, CEs, RCs,
and TDHs

Type of roof, floor, ground, ceiling, and interior and
exterior wall;

window type; and equipment and energy system.

[55] China Residential
building

The GWP, LCCs,
and TDHs

Insulation material type and thickness of roof and
exterior wall,

window type, window-to-wall ratio, and sunshade
component.

[56] China Residential
building

ECs, LCCEs, and
LCCs

Insulation material type and thickness of floor and
exterior wall,

glass material, window-to-wall ratio,
sunshade component, and Airtightness.

[57] UK Residential
building LCCEs and LCCs Insulation material thickness, exterior wall type,

and window-to-wall ratio.

[58] Sweden Residential
building

LCEs, LCCEs,
and LCCs

Insulation material type and thickness of exterior wall, roof,
and ground and window type.

[59] Switzerland Residential
building ACs CEs

U-/R-value of roof, floor, and exterior wall; window type;
PV panel area; and solar thermal device,

and equipment and energy system.

[60] Canada Residential
building LCCEs and LCCs

Insulation material type of ceiling and exterior wall,
window frame material, door material,

airtightness, and equipment and energy system.
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Table 2. Cont.

Refs. Location Building Type
Optimization

Objective
Optimization Variable

[61] UK Non-domestic
building BER Type of roof and exterior wall, window type,

and equipment and energy system.

[62] Italy Residential
building

ECs, OCs, RCs,
and CEs

Insulation material thickness of roof, floor, and exterior wall;
surface material characteristics of roof and exterior wall;

PV panel angle and area; glass material;
sunshade component;

building form; sunspace; and solar thermal device.

[63] Iran Residential
building CEs and TDHs

Insulation material thickness of roof, ground, and
exterior wall;

window type, airtightness, and equipment and
energy system.

[64] Denmark Residential
building

ECs, the GWP,
OCs, and RCs

Insulation material type and thickness of interior wall,
insulation material type and thickness of roof and

exterior wall,
surface material characteristics of roof and exterior wall,
window frame material, glass material, PV panel area,

solar thermal device, and equipment and energy system.

[65] Italy Residential
building

RCs, OCs, ECs,
and CEs

Insulation material thickness of roof, floor, and
exterior wall;

surface material characteristics of exterior wall;
PV panel angle and area; sunshade component,

building form, sunspace, and solar thermal device.

[66] Bosnia and
Herzegovina

Residential
building

ECs, CEs, and
RCs

Insulation material thickness of ceiling and exterior wall,
window type, and equipment and energy system.

[67] China Office building ECs, CEs, and
TDHs PV panel angle and area and equipment and energy system.

[68] Switzerland Residential
building LCCs and GHGEs

Type of roof and exterior wall, window type, airtightness,
PV system, solar thermal device, and equipment and

energy system.

[69] Germany Residential
building ACs and CEs Type of roof and exterior wall, window type, PV system,

solar thermal device, and equipment and energy system.

[70] China Office building ECs, CEs, and
OCs

U-/R-value of roof and exterior wall, window type,
and equipment and energy system.

[71] Greece Residential
building GHGEs and LCCs

Insulation material thickness of roof, ground, and
exterior wall;

window type, PV system, solar thermal device,
and equipment and energy system.

[72] China Office building LCCEs

Insulation material thickness of roof and exterior wall,
surface material characteristics of exterior wall,

window type,
PV panel area, and equipment and energy system.

[73] China Educational
building ECs and LCCEs

Type of roof, floor, and exterior wall; filling gas;
building form;

insulation material thickness of floor and exterior wall;
window frame material; glass material; building form;

insulation material thickness of roof; window-to-wall ratio;
sunshade component; PV panel area;
and equipment and energy system.

[74] USA Residential
building

GHGEs, WCs, the
SQOL, and LCCs

U-/R-value of roof, ceiling and exterior wall, glass material,
window-to-wall ratio, and equipment and energy system.

[75] UK Residential
building LCCEs and LCCs Type of roof, floor, ceiling, and interior and exterior wall and

window type.

[76] Canada Educational
building

ECs, LCCs, and
LCAs

Type of roof and exterior wall, glass material,
window frame material, window-to-wall ratio, airtightness,

window opening percentage, and equipment and
energy system.

8



Energies 2024, 17, 4641

Table 2. Cont.

Refs. Location Building Type
Optimization

Objective
Optimization Variable

[77] Canada Office building ECs, ECEs, and
LCCs

Type of roof and exterior wall, glass material,
window frame material, window-to-wall ratio, airtightness,
sunshade component, and equipment and energy system.

[78] China Office building ECs, CEs, and
LCCs

Insulation material type and thickness of roof and exterior
wall and window type.

[79] Switzerland Residential
building LCCs and LCAs

Insulation material type of ceiling and exterior wall;
insulation material thickness of ceiling, floor, and

exterior wall;
glass material; and window frame material.

Table 3. Summary of previous research studies (machine learning and sensitivity analysis method).

Refs. Location Building Type
Machine Learning
Method (Accuracy)

Sensitivity Analysis
Method

[23] UK Office building - -

[24] Switzerland Residential building ANN
(R2 = 0.94) -

[25] Italy Office building - -
[38] UK Office building - -
[39] UK Office building - LSA
[40] China Shopping mall - LSA
[41] Iran Residential building - GSA (DOE)
[42] Canada Office building - LSA
[43] Finland Office building - -
[44] Iran Residential building - -

[45] Canada Educational building
ANN (MSE1 = 0.016

and
MSE2 = 0.056)

-

[46] Korea Residential building - -
[47] France Educational building - -
[48] Europe Residential building - -
[49] Finland Residential building - -
[50] Iran Residential building - -

[51] China Residential building - GSA
(PCC and SRRC)

[52] China Residential building - -
[53] Estonia Residential building - -
[54] Korea Educational building - -

[55] China Residential building
DNN (R2 > 0.99,

CV (RMSE) ≤ 1%, and
NMBE ≤ 0.2%)

GSA

[56] China Residential building - -
[57] UK Residential building - -
[58] Sweden Residential building - -
[59] Switzerland Residential building - -
[60] Canada Residential building - -

[61] UK Non-domestic building GBRT
(RMSE = 1.7%) LSA
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Table 3. Cont.

Refs. Location Building Type
Machine Learning
Method (Accuracy)

Sensitivity Analysis
Method

[62] Italy Residential building - GSA (SRRC)
[63] Iran Residential building - GSA (DOE)
[64] Denmark Residential building - -
[65] Italy Residential building - GSA (SRRC)

[66] Bosnia and
Herzegovina Residential building - -

[67] China Office building - GSA (SRC)
[68] Switzerland Residential building - -
[69] Germany Residential building - -
[70] China Office building - GSA (Morris)
[71] Greece Residential building - -
[72] China Office building - -

[73] China Educational building
ANN

(MRE = 1.57%
R2 = 0.94)

-

[74] USA Residential building - -
[75] UK Residential building - -
[76] Canada Educational building - -

[77] Canada Office building MVLR and MARSs
(MAPE = 0.2–1.8%) -

[78] China Office building - -

[79] Switzerland Residential building Gaussian process
modelling (Kriging) GSA (Sobol)

Table 4. Summary of previous research studies (optimization and decision-making method).

Refs. Location Building Type Optimization Method
Decision-Making

Method

[23] UK Office building PSO -
[24] Switzerland Residential building MILP -
[25] Italy Office building NSGA-II -
[38] UK Office building PSO -
[39] UK Office building PSO -
[40] China Shopping mall Regression -
[41] Iran Residential building NSGA-II -
[42] Canada Office building - -

[43] Finland Office building Pareto-Archive and
NSGA-II -

[44] Iran Residential building Fitness Comparison -
[45] Canada Educational building NSGA-II -
[46] Korea Residential building iMOO score -
[47] France Educational building NSGA-II -

[48] Europe Residential building aNSGA-II and
pNSGA-II Utopia point

[49] Finland Residential building Pareto-Archive and
NSGA-II -

[50] Iran Residential building prNSGA-III TOPSIS
[51] China Residential building SPEA2 Utopia point

[52] China Residential building -
Entropy method

(Weight of CERs is
30.95%)

[53] Estonia Residential building Regression -

[54] Korea Educational building NSGA-II/III and
MOEA/D -
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Table 4. Cont.

Refs. Location Building Type Optimization Method
Decision-Making

Method

[55] China Residential building NSGA-II
TOPSIS

(Weight of the GWP is
37.29%)

[56] China Residential building NSGA-II -
[57] UK Residential building NSGA-II -
[58] Sweden Residential building NSGA-II -
[59] Switzerland Residential building GA and MILP -
[60] Canada Residential building NSGA -
[61] UK Non-domestic building GA -
[62] Italy Residential building aNSGA-II Utopia point
[63] Iran Residential building EWSOA -
[64] Denmark Residential building Omni-Optimizer Utopia point
[65] Italy Residential building aNSGA-II Utopia point

[66] Bosnia and
Herzegovina Residential building NSGA-III Desirability function

(Weight of CEs is 30%)
[67] China Office building NSGA-II -
[68] Switzerland Residential building ε-constraint -
[69] Germany Residential building ε-constraint -
[70] China Office building - -
[71] Greece Residential building MOGA -
[72] China Office building NOP and MILP -
[73] China Educational building SEGA -
[74] USA Residential building GA -
[75] UK Residential building NSGA-II -
[76] Canada Educational building NSGA-II -
[77] Canada Office building - -
[78] China Office building AHP -
[79] Switzerland Residential building NSGA-II -

2.2. Literature Statistics and Bibliometric Analysis

We present a statistical analysis on the quantitative trends, research locations
(Figure 2), types of buildings studied, and data-driven methods used (Figure 3) across
all reviewed articles. Figure 2 illustrates that due to rapid advancements in computing
applications and the growing maturity of building retrofit research [27], significant research
contributions have emerged over the past decade. Over time, the volume of publications
has steadily increased, underscoring the field’s substantial research value and potential for
development [80]. Geographically, the majority of studies originate from Europe (n = 21)
and Asia (n = 17), with a limited representation of regions such as Africa, South America,
and Oceania. Notably, there has been a surge in research output from China since 2022.
The location of research and local climate conditions play pivotal roles in building retrofit
strategies [81], and the diverse environmental and climatic contexts in Europe and Asia
contribute to the breadth of study cases reported in these regions [82].

Figure 3 reveals that residential buildings dominate the literature, reflecting their large
scale, high EC, and pollution levels and pressing the need for CER retrofits. Among public
buildings, office buildings exhibit more pronounced retrofit effects compared to other
commercial buildings due to their stable occupancy intensity and schedule, contrasting
with the high population mobility typical of commercial spaces. In addition, each article
adopts one or more types of data-driven methods. More than 90% of the reviewed studies
use optimization methods for analysis, while the application of machine learning methods
is less than 20%, which needs further exploration.

A bibliometric analysis provides insights into the current status and developmental
trends within a specific research field, capturing its dynamics and directions [83]. Utilizing
scientific meteorological mapping tools allows for a detailed analysis of the literature [84].
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Tools such as CiteSpace [85] enable citation burst analyses, visually depicting significant
changes and trends in the evolution of a research field [86].

Figure 2. Quantitative trends and geographical distribution of publications.

(a) (b)

Figure 3. Building types and data-driven methods of research. (a) Building types; (b) data-driven methods.

CiteSpace 6.3.R1 was employed to conduct a citation burst analysis (Figure 4). A cita-
tion burst analysis highlights trends in disciplinary developments based on the evolution
of subject terms [87]. Figure 4 displays the top nine keywords sorted by their initiation year,
with the red-line segments indicating periods of significant citation [88]. The early literature
extensively discussed “genetic algorithm” (2011–2015), whereas recent attention has been
paid to keywords like “embodied carbon” and “machine learning” (2021–2023), indicating
a gradual shift towards addressing CEs in building retrofits because of global warming.
Moreover, data-driven methods such as “machine learning” began gaining attention in
building CER retrofit research around 2021.

Figure 4. Top 9 keywords with the strongest citation bursts (the red-line segments indicate periods of
significant citation of keywords).
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2.3. General Process of BPO Based on Data-Driven Methods

Through a literature review and analysis, it was determined that in the CER retrofit,
BPO based on data-driven methods typically adheres to a consistent process. While minor
variations exist in the specifics of methods across the literature, the fundamental steps
remain the same. These steps are the acquisition of building information, the construction
of BPO models, and the screening and decision-making of optimization solutions, as
illustrated in Figure 5.

Figure 5. General process of building retrofit and performance optimizations (the dash lines represent
the distinction between each step and the dash arrows indicate the optional processes based on
computational requirements).

Figure 5 outlines the general process as follows: (1) A suitable retrofit building type is
selected, appropriate samples are classified and selected, and pertinent data, including the
building form and indoor environmental parameters, etc., are collected through investiga-
tion. (2) A physical model is constructed using the above data through simulation methods,
and the model accuracy is validated through a comparison with actual data, such as EC
records. Optimization parameters and objectives are identified, functional relationships are
established between parameters and objectives through simulations and calculations, and
an optimization model is developed. Based on the computational efficiency of the model,
the choice of whether to use data-driven methods, such as machine learning, is made
to further transform it into a surrogate model. When the amount of data is sufficient, a
mathematical model can be directly generated based on the collected building information
data, combined with optimization objectives and parameters. (3) Optimization algorithms
and decision-making methods are integrated to select the retrofit strategy and achieve the
optimal solution aligned with retrofit requirements.

3. The Construction BPO Models

The BPO process, shown in Figure 5, can be divided into two categories: (1) the estab-
lishment of physics-based BPS protocols (or workflows) based on multiple combinations of
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site and building energy-carbon-related variables (parameters), and the generated datasets
can be either directly processed in MOO algorithms or trained and validated as a surrogate
model and then processed with MOO and (2), the development of a mathematical model
using regression or a machine learning method, with a sufficient amount of available empir-
ical data, and this is processed with MOO for the optimal solution(s) from the perspective
of CERs.

3.1. Optimization Model Based on Physical Simulation Methods
3.1.1. BPS Tools

To construct an optimization model using physical simulation methods, simulation
tools are needed to compute building-performance metrics, such as EC calculations based
on heat transfer or thermodynamic theories [89]. BPS tools are being made to be more user-
friendly by equipping the simulation engines with certain kinds of graphical user interfaces
(GUIs) [90]. An analysis of the BPS tools used in the reviewed papers (Table 5) indicated that
DesignBuilder [91], OpenStudio [92] (a plugin for SketchUp [93]), and Honeybee [94] (a plugin
for Grasshopper [95]) are the primary tools used in simulation research. A comparative study
evaluated the strengths and weaknesses of widely used simulation tools and recommended
employing a combination of tools and comprehensively assessing data needs and model
suitability to enhance modeling accuracies [96].

Table 5. The use of BPS tools in the literature.

Simulation Tool References

Designbuilder [25,40,41,44–46,50,63,66,68,73,76–78]
TRNSYS [39,47,67,71]
SIMEB [42]

IDA ICE [43,49,53]
SketchUp—OpenStudio [48,52,57,62,65,70]

Grasshopper—Honeybee [51,55,56,58,72]
EnergyPlus [54,59,74,75]
HOT2000 [60]

3.1.2. Model Calibration

After the physical model is constructed, it is usually necessary to calibrate the model
based on monitored weather data and field-measured energy data [97]. The primary cal-
ibration process involves adjusting input parameters like heating and cooling set tem-
peratures, indoor occupancy schedules, etc., guided by user experiences and energy
consumption records [98].

The model’s accuracy is typically assessed by comparing errors between simulated
and actual ECs, commonly evaluated against mean bias errors (MBEs) and coefficient of
variation of root mean square error CV (RMSE) criteria as defined by ASHRAE Guideline
14 [99], IPMVP [100], and FEMP [101] (Table 6). A smaller error indicates a greater similarity
between the physical model and the operational conditions of the reference building [102].
It is worth noting that the above calibration criteria do not take into account the uncertainty
of input parameters, which can be further explored through methods such as energy
auditing or Bayesian optimization [103].

Table 6. Commonly used error-evaluation indicators.

Evaluation Indicators Guideline Monthly Criteria Hourly Criteria References

MBE
ASHRAE ±5% ±10%

[46,51,55,56,67]IPMVP - ±5%
FEMP ±5% ±10%

CV (RMSE)
ASHRAE 15% 30%

[46,50,51,55,56,67,77]IPMVP - 20%
FEMP 15% 30%
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3.2. Surrogate and Mathematical Models

Unlike physical simulation methods, machine learning methods use mathematical
analyses to establish a functional relationship between input and output data in a black-
box model. In the BPO process, the surrogate model converted from the optimization
model is applied to the optimization process for pre-processing steps [104], which can
expedite the generation of samples [105] and decrease computational costs while preserving
accuracy [106]. By utilizing historical weather data, energy profiles, and existing building
information, the mathematical model generates output values for each retrofit objective [23],
which can be effectively applied to large-scale bottom-up building retrofit analyses, such as
community and urban scales [24]. However, it demands extensive and accurate historical
and statistical data as a foundation [107]. Moreover, predictive variables are typically
limited to certain thermo-physical or equipment parameters, constraining the ability to
assess the potential for energy savings from retrofits or technological upgrades [108].

Machine learning has emerged as a crucial tool in recent years, leveraging artificial
intelligence (AI) to tackle complex tasks and processes in the building sector [109]. It learns
from vast datasets and a relatively small number of input features [110] and utilizes learned
information for predictions [111]. The process of converting optimization models into
surrogate models using machine learning methods typically involves four main steps: data
collection and sampling, data pre-processing and model selection, model training and
hyperparameter optimization, as well as model validation [112]:

1. The samples of input data are selected using sampling methods, and output data are
computed through physical model simulations. Typically, the sample size should
range from 10 to 100 times the number of input parameters [113], although this can
vary depending on the model’s complexity [114].

2. Continuous and discrete variables are distinguished, and both input and output variables
are standardized and normalized to ensure a comparability of the data. Typically, the
correctly formatted data are divided into training and testing sets in an 80%-to-20%
ratio [115], after which an appropriate mathematical model is selected [116].

3. The model is trained, and to prevent overfitting (where the model performs well on the
training datasets but struggles with out-of-sample data), hyperparameter optimization
is needed to balance variances and biases. When choosing hyperparameters, strate-
gies like a grid search can be employed [117], with cross-validations serving as the
scoring method [118].

4. The model is validated, and various metrics are chosen to assess its accuracy. Common
evaluation indicators include the mean absolute percent error (MAPE), mean absolute
error (MAE), and CV (RMSE) [119], with CV (RMSE) being particularly favored, due
to its ability to provide a unitless measurement, which facilitates straightforward
comparisons of indicators [120].

In constructing surrogate models, various machine learning methods have been uti-
lized in relevant studies of Table 3, including ANNs [24], gradient boosting regression
trees (GBRTs) [61], and multiple adaptive regression splines (MARSs) [77], with ANNs
being the predominant approach. An ANN is composed of multiple nodes interconnected
in a network [121], including input, hidden, and output layers [122]. This method excels
in revealing intricate relationships between input and output data [123], outperforming
comparable ML algorithms in processing high-dimensional or nonlinear data, as well
as exhibiting a superior prediction accuracy and generalization capabilities [124]. Sharif
et al. employed an ANN to develop a surrogate model trained and validated using EC
data from DesignBuilder, which was applied thereafter to assess ECs, LCCs, and LCAs in
retrofit planning. Their findings demonstrate a strong correlation between surrogate and
simulation model outputs, and the computation time can be significantly reduced from
170 h to 150 s [45].

In addition, two articles in the literature chose to explore building retrofitting strate-
gies by establishing mathematical models. Studies [24,61] explored retrofit strategies using
12,806 residential buildings in Zurich and 4900 non-residential buildings in the UK, re-
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spectively. The researchers selected a GBRT and an ANN as machine learning methods to
directly establish mathematical models, respectively, and the calculation accuracy of the
models reached over 90%.

3.3. Optimization Objectives and Parameters

In the process of constructing optimization models, it is necessary to determine opti-
mization objectives and parameters according to the research problem and purpose. The
optimization objectives can reflect the building performance before and after the retrofit,
while the optimization parameters represent the retrofit means and methods to be taken.

3.3.1. Building-Performance Indicators

The articles reviewed in this paper focus on optimization objectives related to building
CEs, encompassing LCCEs and OCEs, among others. Given that OCEs constitute more than
70% of the life cycle [125], some studies calculate CEs specifically during the operational
phase rather than across the entire life cycle [30]. However, retrofit measures involve
additional materials and components, leading to increased ECEs [126], which must be
carefully considered when assessing environmental impacts [29]. Furthermore, certain
indicators can gauge the built environment performance and indirectly reflect CEs, such as
the GWP, which is used to measure the heat-trapping potential of greenhouse gases in the
atmosphere and is expressed as CO2-eq in calculations [127].

The built environment profoundly impacts personnel comfort, productivity, and well-
being [128]. Therefore, the process of building retrofits must integrate environmental,
economic, and social criteria to maximize sustainable benefits [129]. Research indicates
that ECs, costs, and thermal comfort are the most frequently selected objective functions
in optimization studies [130]. Social criteria, such as thermal comfort and indoor environ-
mental quality, enhance the quality of life and satisfaction [131]. Figures 6 and 7 illustrate
a heatmap distribution and frequency ranking, showing the co-occurrence of building
CE-related objectives with other research goals in the relevant literature of Table 2. It is
evident that optimizing building CEs typically considers enhancing ECs, reducing retrofit
costs (RCs) and operational costs (OCs), and improving indoor thermal comfort at the same
time. There is also significant research focusing on optimizing CEs and costs throughout
the building life cycle.

Figure 6. Heatmap distribution of CE objectives with other research goals.
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Figure 7. Frequency ranking of CE objectives with other research goals.

3.3.2. Optimization Parameters and Variables

The CER retrofit of buildings necessitates a comprehensive consideration of multiple
variables to enhance the overall building performance. The retrofit variables of the literature
listed in Table 2 typically fall into two categories: envelope-related variables and other
variables (Figure 8). Envelope variables encompass vertical opaque envelopes (interior and
exterior walls and doors); horizontal opaque envelopes (ground, floor, ceiling, and roof);
as well as transparent envelopes (window-related variables). Others primarily include
building forms (such as atria and corridors); sunspaces; sunshade components; building
equipment and energy systems (HVAC, lighting, and ventilation systems); and renewable
energy systems (like photovoltaic (PV) modules and solar thermal devices). Unlike new
building designs, considerations regarding building orientation and form parameters are
generally unnecessary in retrofits. Figure 8 illustrates that discussions in the literature often
focus on building equipment and energy systems, the window thermal performance, the
thickness and type of exterior wall insulations, the thickness of roof insulations, and the
area covered by PV panels. Transparent enclosures, although typically smaller in area,
exhibit greater heat gains and losses compared to opaque enclosures [132], contributing
approximately 20% to 40% of the total [127]. Moreover, rural areas often present greater
potential for implementing renewable energy technologies (RETs), facilitated by factors such
as accessibility and environmental conditions [133]. Therefore, active and passive measures
should be comprehensively utilized during the retrofit to make full use of renewable energy
while improving the building performance.

Figure 8. Retrofit variables in studies.

A sensitivity analysis is used to evaluate the correlation between input and output
parameters within a model, assessing how changes in inputs influence outputs [134]. It
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can also be regarded as an optimization search method [135]. For complex scenarios with
multiple parameters, a sensitivity analysis can rank the importance of variables [136] and
narrow parameter ranges before optimization to simplify model complexity [137]. Before a
sensitivity analysis, data sampling is essential to ensure suitable samples, which is often
accomplished using Latin hypercube sampling (LHS) [138]. This is a method of stratified
random sampling [139] that maintains the representativeness and balance of data while
significantly reducing the sample size [140]. Table 7 shows the classification of sensitivity
analysis methods and their applications in the literature, with global sensitivity analyses,
such as the regression-based standardized regression coefficient (SRC) method [67], the
variance-based Sobol method [79], and the screening-based Morris method [70], dominating.
The selection of sensitivity analysis methods should consider both model applicability and
computational costs comprehensively.

Table 7. Classification and application of sensitivity analysis methods.

Sensitivity Analysis Method References

LSA [39,40,42,61]

GSA

Metamodel-based method [41,63]
Regression-based method [51,62,65,67]

Variance-based method [55,79]
Density-based method [55]

Screening-based method [70]

3.3.3. Constraints on Optimization Objectives and Parameters

Retrofitting existing buildings has certain constraints such as geometric shapes, site
layouts, functional zones, and structural limitations [141]. These constraints confine the
range of feasible variables [73], compelling designers to select retrofit measures within
these boundaries. Additionally, constraints often stem from regulatory norms, industry
standards, or empirical data. For instance, the total area of solar heater and rooftop PV
panels cannot exceed the overall roof area [39]. Design specifications also govern aspects
like window-to-wall ratios [55], while budgetary limits constrain retrofit project costs [60].
For CE targets, the ECEs of retrofit measures need to be less than the OCEs that are reduced
as a result of an improved building performance. The constraints restrict the optimization
range of complex retrofit parameters, prompting the efficient search for solutions that
meet requirements.

4. Optimization and Decision-Making Process

4.1. Optimization Process Based on Data-Driven Methods

By reviewing the optimization objectives and parameters, it becomes evident that
the process of decarbonizing building retrofits involves numerous variables impacting
the building performance. To enhance efficiency, a systematic and effective optimization
process is essential [142]. Mathematical methods such as optimization algorithms can be
used to sample, screen, and iteratively refine retrofit strategies, so as to efficiently identify
optimal solutions. Figure 9 illustrates the uses of various optimization methods in the
reviewed articles listed in Table 4, with the non-dominated sorting genetic algorithm II
(NSGA-II) being the most frequently employed [143].
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Figure 9. Quantitative distribution of BPO methods.

The exhaustive search method ensures finding the optimal solution but faces an
exponentially growing search space with increasing variables, which is often impractical for
many real-world optimization problems. A case-by-case analysis through sample screening
still relies on enumerated comparisons after sampling and is less utilized in building
optimizations [47]. A study employed statistical methods like a regression analysis to
model relationships between objective functions and retrofit variables [144]. However,
due to the complexity and nonlinearity of BPO problems, the applicability of statistical
models may be limited to certain scenarios [145]. To mitigate computational costs and
achieve automated iterations and the selection of the optimal solution, researchers have
increasingly turned to Evolutionary Algorithms (EAs) for solving optimization problems.

An EA is a population-based random search algorithm [146] known for its faster
computational speed, greater accuracy, and enhanced adaptability compared to direct
search methods. Including genetic algorithms (GAs), the ant colony optimization (ACO),
and the particle swarm optimization (PSO), an EA is effective in navigating the complex
search spaces related to building optimization problems [147].

A GA is effective for solving nonlinear and discontinuous problems in building
retrofits [148]. It enables a simultaneous search across multiple points in space, thereby
reducing the possibility of converging to the local minimum [149]. NSGA-II stands out
as one of the most efficient EAs [150], though its performance diminishes with problems
involving four or more objectives [151]. NSGA-III [152] offers notable advantages over
NSGA-II by enhancing its capability to handle multiple objectives and achieve superior
solution distributions [153]. Son et al. examined the optimization of ECs, CEs, RCs,
and thermal discomfort hours (TDHs) in public building retrofits, comparing NSGA-II,
PSO, multi-objective evolutionary algorithms based on decomposition (MOEA/D), and
NSGA-III algorithms. Their findings indicate that NSGA-III exhibits superior diversity and
convergence [54]. Furthermore, research has shown that the strength Pareto evolutionary
algorithm2 (SPEA2) and NSGA-II perform similarly in solving MOO problems [154], but
SPEA2 tends to outperform NSGA-II in high-dimensional objective spaces involving three
to four objectives [155].

Similar to GAs, PSO belongs to population-based evolutionary algorithms with meta-
heuristic characteristics. However, it does not employ computational processes such as
crossovers and mutations [156]. The principle of PSO involves particles searching for
optimal solutions by continuously moving through multidimensional search spaces [157].

An optimization analysis necessitates numerous evaluations to achieve near-optimal
solutions, leading to relatively extended processing times. Hence, the performance of
optimization algorithms plays a crucial role in the efficiency of the optimization process,
prompting the selection of suitable methods tailored to specific research requirements [90].

Comprehensive optimization tools integrate multiple algorithms, harmonizing the op-
timization process. Table 8 illustrates the application of optimization tools in the literature
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and reveals that Python and MATLAB are the predominant general programming tools
utilized in research.

Table 8. The use of optimization tools in the literature.

Optimization Tool References Optimization Tool References

MATLAB [25,50,72,74] Python [48,56,58,60,62,65,71,73,77]
SPSS [40] Octopus [51]

jEPlus + EA [41,57,67] JESS + JEA [63]
MOBO [43,49,64] CPLEX [68]

Excel-VBA [46] Gurobi [69]
MultiOpt [47] PLOOTO [75]

Python is a high-level interpreted programming language. Its ease of learning and
vast library of tools have popularized its use in data science and programming [158]. In the
context of BPO, Python serves as an application platform for data-driven methods, making
the implementation of optimization algorithms more convenient and feasible. For instance,
Shadram et al. [58] utilized the pymoo package in Python to implement the NSGA-II
algorithm and focused on optimizing the life-cycle energy consumption (LCE), LCCE,
and LCC of a conceptualized apartment in various locations in Sweden through retrofit
strategies. This study integrated performance simulation and optimization processes using
Python and EnergyPlus extension plugins within Grasshopper, establishing a complete
and fast optimization process.

MATLAB [159] is a versatile tool for algorithm development, data visualization, and
program interaction. The MATLAB Optimization Toolbox facilitates collaborations with
other programs, making it an ideal numerical environment for optimization tasks that rely
on third-party simulation programs. However, the programming language demands of
MATLAB and the complexity of integrating simulation programs can pose challenges for
architects. Specialized optimization platforms, like jEPlus + EA [160], can integrate energy
simulation programs effectively. Despite offering fewer optimization algorithms, they excel
in combining simulation tools and optimization methods with less programming demands,
thus enhancing accessibility for architects.

Figure 10 illustrates the relationship among the simulation tools, optimization algo-
rithms, and optimization tools as utilized in the literature. This figure highlights the broad
applicability and interaction of tools and methods such as DesignBuilder, NSGA-II, and
Python, facilitating diverse applications in research.

Figure 10. Correspondence among simulation tools, optimization algorithms, and tools.

20



Energies 2024, 17, 4641

4.2. Solution Set Evaluation and Decision-Making Methods

For MOO problems, due to conflicting objectives constrained by each other, the resul-
tant solutions often form a set rather than a single solution, known as the non-dominated
or Pareto optimal solution set. The spatial distribution of this set is referred to as the
Pareto front. Figure 11a,b illustrate typical examples of the Pareto front for two and three
objectives, respectively [161]. Throughout the optimization process, each generation of
solution sets requires an evaluation based on metrics such as convergence, uniformity, and
diversity [162], with assessment indicators including the inverted generational distance
(IGD) [163] and the hypervolume index (HI) [164], among others. The quality of the solu-
tion set improves as it approaches the true Pareto frontier, exhibiting better uniformity and
a wider distribution.

(a) (b) 

Figure 11. Typical examples of the Pareto front [161]. (a) Two-dimensional Pareto front; (b) three-
dimensional Pareto front (the blue circles represent the solutions to the MOO problem).

Each solution within the Pareto front represents a non-dominated outcome, neces-
sitating post-processing decision-making methods to identify the optimal solution. The
technique for order preference by similarity to an ideal solution (TOPSIS) [165] and the
Utopia-point method are two commonly employed approaches. TOPSIS ranks solutions by
evaluating their distances to both positive and negative ideal solutions, accommodating
different weights assigned to objectives based on decision-makers’ preferences to derive
optimal solutions. Song et al. used the entropy-based method to assign weights to indica-
tors and calculated the information utility value of each indicator based on information
entropy, which avoids the influence of human factors compared with subjective empow-
erment methods. According to the entropy-based method, the GWP, LCCs, and TDHs
were assigned weights of 37.29%, 34.17%, and 28.54%, respectively, and were applied
to the TOPSIS calculation. The GWP of the final optimized solution can be reduced by
2720 kg/m2 (about 61%) [55].

The Utopia point serves as an ideal reference within the search space, representing the
optimal solutions across all objective functions. Solutions on the Pareto front are assessed
by their proximity to this point, with the closest solution indicating the optimal compromise
when all objectives are equally weighted. Figure 12a,b depict examples of the TOPSIS [166]
and Utopia point [167] methods in 2D coordinates.
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(a) (b) 

Figure 12. Examples of TOPSIS and Utopia-point methods in 2D coordinates. (a) TOPSIS method [166];
(b) Utopia-point method [167] (the purple circles represent the solutions to the MOO problem).

5. Discussions

5.1. The Research Status Quo

The increasing prevalence of relevant research in recent years may be attributed to a
deeper understanding and increased interest in the significance of CERs within the building
construction industry. Advances in science and technology and the widespread adoption of
computing have facilitated the continuous evolution of BPS technologies and mathematical
algorithms, thereby rendering related research more achievable.

Most research has predominantly been conducted in Europe. Achieving the CER target
by 2050 necessitates the extensive decarbonization retrofitting of large-scale existing build-
ings [168]. Moreover, with the fixed form and orientation of buildings slated for retrofitting,
emphasis can be placed on optimizing the envelope and systems, thereby facilitating the
application of optimization techniques [21].

Building CER projects typically involve multiple objectives and variables. Integrating
BPS with data-driven methods such as optimization algorithms and ML can streamline
the process, minimizing redundant tasks and facilitating a quicker and more accurate
identification of optimal solutions.

5.2. Optimization and Surrogate Models

Using physical simulation methods to establish an optimization model can accurately
reflect the relationship between building parameters and performance and evaluate the
performance improvement potential, but the simulation time is relatively long. The use of
surrogate models significantly enhances computational speed, and there exist variations
in the selection and training of mathematical models across studies. For instance, the
number of nodes in the hidden layer of an ANN varies depending on task objectives [169].
Likewise, the division ratio of the datasets into training and testing sets lacks uniformity,
and the result reliability may hinge on the training and testing data used in surrogate
model developments [135]. Therefore, the choice of model and computational approach
should be determined by each task’s unique characteristics, such as the data volume and
prediction goals [170].

Additionally, addressing issues such as model generalizations and transferability is
needed to foster the widespread adoption of surrogate models. Transfer learning methods
offer a viable approach to applying data acquired from previous tasks to similar or related
tasks [171], which is particularly effective when the training dataset for the targeted task is
not large [172]. The successful application of this approach depends on the similarity of
data sources and the feasibility for predicting the building performance [173]. Similarly, in
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energy prediction research for large-scale buildings, transfer learning can solve problems
like data scarcity and time-consuming data collection, enhancing the accuracy of data-
driven models [174]. A study used transfer learning methods to apply evaluation models
pre-trained using Swedish building datasets to predict the performance of buildings in
China, which can effectively support building retrofit decisions in data-scarce regions [175].

The clarification and classification of optimization objectives and parameters can
provide researchers with experience and paradigms for retrofits and serve as a reference for
sensitivity analyses and variable screening outcomes. While focusing on CERs, the relevant
studies also take into account optimization goals in terms of building ECs, thermal comfort,
and costs [25]. A study also found that cost parameters are particularly common in MOO
problems of private housing retrofits, and householders are more willing to carry out CER
retrofits on the premise of economic benefits. Therefore, cost savings are as important as
CERs, or even more critical [176]. Thus, achieving a balance among multiple performance
indicators is essential in retrofitting efforts.

Retrofit strategies typically consider enhancing the performance of building envelopes
and adjusting parameters of energy systems. Currently, there is a heightened focus on
utilizing renewable energy sources, particularly PV and solar thermal systems. Additionally,
emerging technologies and materials, such as switchable blinds [177], PV walls [178],
electrochromic windows [179], phase change materials (PCMs), and cool paints [180],
among others, are increasingly being employed to enhance the building performance. The
vertical greening system (VGS) on roofs and walls are also noteworthy for their potential to
mitigate GHGEs, urban heat islands, and noise pollution [181].

5.3. Optimization Methods and Tools

In building CER problems, the choice of optimization methods varies depending on
specific objectives and parameters, necessitating tailored selections based on the actual
problem [182]. Furthermore, it is crucial to assess the computational efficiency and stability
of these methods. While prioritizing computational speed, it is essential to strike a balance
between model simplicity and accuracy [97].

The utilization of general optimization platforms like MATLAB necessitates profi-
ciency in a complex programming language, and the constant switching between modeling
and optimization environments also poses an inconvenience. Hence, there is a need to
integrate programming languages into toolkits that allow for direct applications. The
Grasshopper-based Octopus tool [183] integrates optimization algorithms with building
parametric modeling and is widely adopted for current BPS and optimization [184–186].
Nevertheless, further exploration is required, particularly in its application to building
retrofit processes aimed at achieving CER goals. In addition, regarding the assessment of the
solution set quality, a study compared the convergence and diversity using metrics such as
IGD
and HI [187].

In recent years, scholars have started to focus on integrating optimization algorithms
with Building Information Modeling (BIM) to enhance decision-making abilities in building
retrofitting [188]. As data-driven methods advance, there is a corresponding need to further
develop tools that integrate these methods with simulation software, enabling timely and
efficient applications in BPO. Additionally, establishing a database using existing building
performance datasets [189] and implementing a decision support system based on data-
driven methods can assist decision-makers in selecting optimal retrofit strategies based on
real-world conditions [26].

5.4. Future Work

Uncertainties stemming from user behaviors and climate change present formidable
challenges in building retrofitting [8]. Factors such as user preferences [190], comfort re-
quirements [191], and energy-saving awareness exert a substantial influence on the building
performance, making user behaviors one of the primary contributors to the disparity between
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BPS and actual operation data [192] and a pivotal factor shaping retrofit strategies [193]. For
instance, Li et al. [194] integrated three user-behavior patterns—adjusting sunshade compo-
nents, managing lighting, and ventilating by opening windows—into the optimization of
sunshade devices. Their findings revealed how adaptive user behaviors significantly impact
room illumination and the simulation of energy loads, thereby influencing the layout and
sizing of sunshade panels. Only one of the reviewed studies discussed the impacts of user
behaviors on building CEs [70]. This study focused on public buildings in the hot summer
and cold winter region of China and implemented a time-of-use pricing strategy to regulate
occupants’ energy-use behaviors, including the temperature set point of air conditioners and
the usage time of electrical appliances. This strategy can reduce users’ ECs and CEs by 26.4%
and energy expenditure by 26.1%. Current simulation studies often rely on fixed schedules,
overlooking active user adjustments and the variability and spontaneity of behaviors. Fu-
ture studies should incorporate more precise and comprehensive behavioral models into
BPS frameworks [142].

A study developed a climate model based on atmospheric CO2 concentration changes,
projecting that the Earth’s surface annual average temperature will rise by 1.5 ◦C by 2050
and by 2–4 ◦C by 2080 [195]. Given the long lifespan of buildings, climate change should
be factored into energy-saving analyses [196] to ensure the applicability and efficacy of
retrofit strategies [197]. Data-driven approaches can be used to generate future weather
data and establish dynamic climate models.

The building performance is closely correlated with the outdoor environment [198].
Factors such as community greening, urban heat islands, and global warming alter micro-
climates, influencing the regional building performance [199]. Therefore, using uniform
meteorological parameters for predicting building ECs can lead to inaccuracies [200],
highlighting the need to integrate microclimate models into energy-efficiency predictions.
Currently, optimization research for building CER retrofits has expanded beyond individ-
ual buildings to include local outdoor environments, exploring the effects of tree shading
and the PV coverage of building façades on the life-cycle GWP of buildings and outdoor
thermal comfort [201]. As such, there is still great potential for research on decarbonization
retrofits at the scale of building groups or blocks.

6. Conclusions

This paper provides a review of the application of data-driven methods in building
retrofits and performance optimization from the perspective of CERs and also discusses
recent trends and advancements in various studies. A comparison of modeling methods,
optimization variables, objectives, and decision-making methods across 45 relevant papers
revealed the following findings:

1. There are usually two workflows to optimize the building performance. One is the
workflow of the optimization of the physical simulation (model surrogate) performance:
Using the combined input of a building site and energy-carbon-related retrofit variables,
a BPO process based on a physical simulation is established. The generated datasets
can be either iteratively processed with optimization algorithms directly or trained as a
surrogate model, validated, and then processed using the MOO method. The other is
the workflow of mathematical modeling-optimization analyses: with sufficient actual
field-measured empirical data available, data-driven methods, such as regression or
machine learning, are used to develop mathematical models, and multiple objectives are
comprehensively optimized from the perspective of building CERs.

2. A building retrofit aims to maximize its benefits by integrating environmental, eco-
nomic, and social considerations. Therefore, alongside CE objectives, factors like costs
and thermal comfort should also be taken into account. There are 27 relevant studies
in Table 2 related to the comprehensive optimization of three or more objectives,
accounting for 60% of the total. Discussions on retrofit parameters should extensively
cover aspects such as the thermal performance of the building envelope, building
equipment and energy systems, and the utilization of renewable energy sources.
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3. Data-driven methods applied in optimization enable the sampling, screening, and
iterative refinement of retrofit plans using computational tools, facilitating the determi-
nation of optimal solutions. The advancement and deployment of surrogate models
make simplified mathematical calculations replace complex physical simulations,
which further enhance optimization efficiency while ensuring accuracy.

4. In the reviewed studies, only 2.2% (1 article) and 6.7% (3 articles) of the total focus on
the impacts of human behaviors and climate change on building retrofits, respectively.
Future research should delve deeper into the application of data-driven methods
in building CER retrofits and BPO, considering user behaviors and variations in
retrofit conditions amid long-term climate change scenarios. In addition, more work
is needed to improve the accuracy of surrogate models and enhance generalizations
and transfer capabilities.

Within the broader context of global warming and building stock renewals, building
decarbonizing retrofitting and performance enhancements have emerged as focal points of
research. This review highlights the capability of integrating data-driven methods with
BPS to screen and determine retrofit plans, showing its significant applicational value in
building CERs. It will also make a greater contribution to the CER targets of the building
construction industry in the future.
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Abbreviations

AC Annual cost
ACO Ant colony optimization
AHP Analytic hierarchy process
ANN Artificial neural network
ASHRAE American Society of Heating, Refrigerating, and Air-Conditioning Engineers
BPO Building performance optimization
BPS Building performance simulation
CEs Carbon emissions
CER Carbon emission reduction
CV(RMSE) Coefficient of variation of root mean square error
DNN Deep neural network
DOEs Design of experiments
EA Evolutionary algorithm
EC Energy consumption
ECEs Embodied carbon emissions
EWSOA Enhanced water strider optimization algorithm
FEMP Federal Energy Management Program
GA Genetic algorithm
GBRT Gradient boosting regression tree
GC Global cost
GHGEs Greenhouse gas emissions
GSA Global sensitivity analysis
GWP Global warming potential
IPMVP International Performance Measurement and Verification Protocol
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LCA Life-cycle assessment
LCC Life-cycle cost
LCCE Life-cycle carbon emission
LCE Life-cycle energy consumption
LSA Local sensitivity analysis
MAE Mean absolute error
MAPE Mean absolute percent error
MARSs Multiple adaptive regression splines
MBE Mean bias error
MILP Mixed-integer linear programming
MOEA/D Multi-objective evolutionary algorithm based on decomposition
MOGA Multi-objective genetic algorithm
MOO Multi-objective optimization
MVLR Multi-variate linear regression
NOP Nonlinear optimization programming
NSGA-II/III Non-dominated sorting genetic algorithm II/III
a/pNSGA-II Active/passive archive NSGA-II
prNSGA-III NSGA-III algorithm augmented by parallel computing structure and result-saving archive
OC Operational cost
OCES Operational carbon emissions
PRISMA Preferred reporting items for systemic reviews and meta-analyses
PSO Particle swarm optimization
RC Retrofit cost
SEGA Strengthen elitist genetic algorithm
SPEA2 Strength Pareto evolutionary algorithm2
SQOL Social quality of life
TDHS Thermal discomfort hours
WC Water consumption
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Abstract: The escalating environmental threat of indoor overheating, exacerbated by global climate
change, urbanisation, and population growth, poses a severe risk to public health worldwide,
specifically to those regions which are exposed to extreme heat events, such as Australia. This study
delves into the critical issue of overheating within residential buildings, examining the existing
state of knowledge on overheating criteria and reviewing overheating guidelines embedded in
(a) international standards and (b) national building codes. Each regulatory document is analysed
based on its underlying thermal comfort model, metric, and indices. The advantages and limitations
of each document are practically discussed and for each legislative document and standard, and
the quantitative measures have been reviewed, analysed, and summarised. The findings illuminate
a global reliance on simplistic indices, such as indoor air temperature and operative temperature,
in the existing regulatory documents. However, other critical environmental parameters, such
as relative humidity, indoor air velocity, and physiological parameters including metabolic heat
production and clothing insulation, are often not included. The absence of mandatory regulations
for overheating criteria in residential buildings in some countries, such as in Australian homes,
prompts the call for a holistic approach based on a thermal index inclusive of relevant environmental
and physiological parameters to quantify heat stress exposure based on human thermal regulation.
Gaps and limitations within existing guidelines are identified, and recommendations are proposed
to strengthen the regulatory framework for overheating risk assessment in residential buildings.
The findings hold significance for policymakers, building energy assessors, architects, and public
health professionals, providing direction for the improvement of existing, and development of new,
guidelines that aim to enhance indoor thermal condition and population health while ensuring
energy efficiency and sustainability in the building stock.

Keywords: overheating; residential buildings; international standards; national building codes; PMV;
adaptive thermal comfort; building simulation

1. Introduction

Overheating is a critical environmental hazard affecting billions of people globally
and presenting a significant threat to public health [1]. Climate change, urbanisation,
and population growth drive rising temperatures in many regions, exacerbating existing
health disparities and increasing the risk of heat-related illnesses and deaths [2]. The direct
and indirect impacts of overheating are complex, affecting various systems within the
human body, from cardiovascular and respiratory function to mental health and cognitive
performance (e.g., refs. [3–6]). Impact studies indicate that extreme weather events, such as
heat waves and flooding, may occur more frequently due to anthropogenic climate change,
drawing attention from policymakers and researchers worldwide [7].

Energies 2024, 17, 6354. https://doi.org/10.3390/en17246354 https://www.mdpi.com/journal/energies34



Energies 2024, 17, 6354

In addition to global and regional climate processes, urban heat island (UHI) is another
phenomenon that influences microclimates. Expansion of impervious land surface areas
reduced green spaces, complex urban morphology, and anthropogenic heat emissions,
and all conspire to intensify urban heat which, in turn, significantly exacerbates heat in
indoor environments where we spend the majority of our daily lives [8]. The spill over of
external heat into indoor spaces exacerbates overheating challenges, particularly in densely
populated urban settings (e.g., Refs. [9–13]).

Extreme events can further amplify existing health disparities and socio-economic
inequalities, with low-income communities facing greater exposure and susceptibility to
heat-related illnesses and deaths [8]. It behooves us to apply a thorough understanding of
the mechanisms underlying overheating impacts to the development of effective strategies
to mitigate the increasing threat of extreme heat globally.

Despite the significant risks posed by overheating and heatwaves to public health,
there is a current lack of clear and consistent guidelines and standards for ensuring thermal
comfort and mitigating overheating risks in some countries around the world, i.e., in
Australian residential buildings. Although some international standards and national
building codes exist, their applicability to other countries may be limited due to the
differences in climate conditions. Figure 1 illustrates the regional distribution of regulatory
documents globally, predominantly implemented in North America, Europe, and East
Asia (including, China, India, and Singapore). In addition to international standards,
some countries, including France, Germany, the United Kingdom, Belgium, Sweden,
Austria, Italy, Spain, and Greece, successfully integrated regulations for thermal comfort
and overheating into their national building codes and standards [14–24].

Different countries and blocs maintain their own distinct standards, codes, and guide-
lines for thermal comfort and preventing overheating in residential buildings. For example,
the American Society of Heating, Refrigerating, and Air-Conditioning Engineers (ASHRAE)
developed ASHRAE Standard 55, offering guidelines for thermal comfort in indoor envi-
ronments, which has been widely implemented in North America [25]. Meanwhile, the
European Union’s Energy Performance of Buildings Directive establishes minimum energy
performance requirements for buildings, while maintaining minimum levels of indoor
environmental quality (IEQ) in general, and indoor thermal comfort in particular [15].
In the United Kingdom, building regulations provide guidance on maximum allowable
temperatures in dwellings during hot weather, along with requirements for adequate
ventilation and shading [16].

It is also essential to consider the role of building simulation tools in the assessment of
thermal comfort conditions. These tools enable detailed analysis of indoor environmen-
tal conditions by modelling heat transfer, ventilation, mean radiant temperature (MRT),
and occupation behaviour under various scenarios. However, variations in simulation
algorithms and assumptions can lead to discrepancies in results, highlighting the need
for standardised methodologies to improve consistency and reliability across different
tools [26]. It is also important to note that correct prediction of MRT by building simulation
tools plays a significant role in predicting human thermal comfort and thermal regulation,
which has been overlooked in the literature [26].

Australia is a vast country with variable climate which is classified into eight zones
by the Australian Building Codes Board [27]. Despite Australia’s unique climate, there
is currently a lack of specific standards addressing overheating and thermal comfort in
buildings. In the absence of a national overheating standard, analysis in Australia often
relies on standards from other countries as indicated by [22]. Therefore, to develop a
national overheating criterion, it will be necessary to consider the environmental conditions
for each climate zone separately to be able to develop a nuanced, bio-climatically relevant
approach to overheating. In this article, our objectives are to (a) review the current state of
knowledge on overheating and thermal comfort criteria in residential buildings, focusing
on existing national building codes and international standards; (b) identify gaps and
limitations in these guidelines; and (c) provide suggestions for improving the regulatory
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framework. The findings of this manuscript could be used to guide the development of
new overheating regulatory documents for countries that have not employed any such
as Australia, and those countries which are more sensitive to the increase in temperature,
such as southern European countries, with a prospective vision for enhancing the health
and well-being of residents while ensuring energy efficiency in buildings.

Figure 1. Regional distribution of regulatory documents around the world. The regulatory documents
have mostly been implemented in North America, Europe, and East Asia. Source for the map:
ArcGIS® software 10.7.1 (Esri (Environmental Systems Research Institute, Inc.), in Redlands, CA,
USA) [28].

2. Review Methodology

This paper reviews overheating criteria and thermal comfort thresholds in (a) in-
ternational standards and (b) national building codes. The scope of the manuscript has
been narrowed down to the residential regulatory documents globally across all available
climate zones. Each regulatory document is analysed based on its underlying thermal
comfort model, metric, and indices. The advantages and limitations of each document are
discussed in this manuscript.

The procedure employed for reviewing the literature was a thematic literature review
approach to systematically review existing international standards and national building
codes related to residential overheating. The review focused on identifying recurring
themes, criteria, and gaps in how overheating is addressed in building regulations globally.
Relevant literature was sourced from academic databases, including ScienceDirect, Web
of Science, Scopus, and Google Scholar, using targeted keywords and Boolean operators
to ensure a comprehensive search. After screening and selecting pertinent studies and
documents, the findings were grouped into key themes, such as overheating thresholds,
thermal comfort indices, and metrics. Each regulatory document was analysed to synthesise
insights, highlight limitations and advantages, and identify areas for improvement in
regulatory approaches.
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2.1. Standards and Regulatory Documents

Regulatory documents that have been included in this review were listed as:

a. International standards

I. ASHRAE 55 (2017), and ASHRAE 55 (2020)—Thermal Environmental Con-
ditions for Human Occupancy [29,30]

II. CIBSE Guide A (2006), and CIBSE Guide A (2015)—Environmental De-
sign [31]

III. CIBSE TM52—The limits of Thermal Comfort: Avoiding Overheating in
European Buildings [18]

IV. CIBSE TM59 (2017)—Design Methodology for the Assessment of Building
Services Engineers [32]

V. EN 15251 (2007)—Indoor environmental parameters for design and assess-
ment of energy performance of buildings addressing indoor air quality,
thermal environment. Lighting and acoustics [19]

VI. EN 16798 (2019) [33]
VII. ISO 7730 (2005)—Ergonomics of the thermal environment [34]
VIII. Passive House (2015) [35]

b. National building codes

I. Belgium
II. France
III. Germany
IV. Netherlands
V. UK

2.2. Quantitative Measures

For each legislative document and standard the following quantitative measures have
been reviewed, analysed, and summarised:

a. Thermal comfort model (static thermal comfort, or adaptive thermal comfort model).
b. Temporal domain (i.e., occupied hours; sleeping hours; and all hours).
c. Spatial domain (i.e., living room; bedroom; and kitchen).
d. Indices for quantifying thermal comfort (i.e., PMV; TOi; and Tai).
e. Metrics for heat assessment (i.e., degree hours; hours; and percentage of hours

outside the comfort range).
f. Threshold limit (the maximum or minimum acceptable measure).
g. Building operational category (i.e., naturally, mechanically ventilated building, or

mixed mode operation building).

3. Findings and Discussions

This section illuminates the findings of the study, reviews the overheating assessment
criteria, identifies the gaps, and critically discusses and examines the limitations of existing
standards and building codes.

3.1. Thermal Comfort Parameters and Responses

To review and analyse the criteria of overheating, we need to first identify the definition
of thermal comfort, thermal discomfort, and the difference between adaptive and static
thermal comfort models.

According to ASHRAE-55 standard (2017) [29], thermal comfort refers to the mental
state in which an individual expresses satisfaction with their environments’ thermal condi-
tions. There are six universally agreed parameters that influence thermal comfort, from
which four are environmental parameters and two are so-called “personal parameters”.
Figure 2 shows the environmental and personal parameters that cause thermal discomfort.
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Figure 2. Environmental and personal parameters causing thermal discomfort.

Four environmental parameters, namely air temperature, humidity, air velocity, and
mean radiant temperature (MRT), impact human thermal regulation by causing changes
in the human body’s heat exchanges with its environment via convective, conduction,
radiative, and evapourative process. Mean radiant temperature is a key environmental
parameter affecting radiative fluxes, exerting a significant impact on human thermal physi-
ology in indoor environments, and even more so in outdoor settings where solar radiation
is present. Radiative fluxes refer to the electromagnetic energy emitted by all matter hav-
ing temperature above absolute zero [36]. It includes shortwave length components of
direct and diffuse solar radiation and shortwave reflected radiation. Longwave-length
radiation components include atmospheric infrared emission from greenhouse gases (par-
ticularly water vapour) and radiation emission from ground and built environmental
surfaces [37,38].

Mean radiant temperature refers to the average temperature of all the surfaces sur-
rounding a person, including the walls, sky, floor or ground, and other objects. High
mean radiant temperatures due to intense solar radiation in outdoor environments, or hot
surfaces in built environments, will lead to overheating and discomfort. Conversely, low
mean radiant temperatures will exaggerate radiative heat loss from the body which, if
sustained for long enough, lead to reduced skin temperature, shivering, and subjective
cold discomfort. Therefore, accurate and effective measurement and management of all
these elements in the bioclimatic radiative environment are crucial for ensuring thermal
comfort and minimising the risk of thermal health problems, particularly in vulnerable
populations such as the elderly and those with pre-existing medical conditions [39].

Human responses to the thermal environment can be categorised into three groups:

(a) Physiological level responses operate under autonomic nervous system control and
include vasomotor activity (dilation and constriction), sweating, and shivering [40].

(b) Behavioural level responses are mediated by the central nervous system and include
adjustments to the environment such as changing the rate of air movement indoors
(Vi) by opening/closing windows, controlling fans, and directly adjusting room tem-
perature with whatever conditioning technology presents. Another class of occupant
behavioural response involves directly adjusting to the heat balance personal param-
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eters, such as changing clothing insulation levels or changing the rate of metabolic
heat production (e.g., resting after physical exertion) (e.g., refs. [41,42]).

(c) Psychological response refers to comfort expectations which derive from the cultural
and climatological background.

Apart from these three categories of human response to the climatic environment is
the building itself, including temperature swings in the building fabric. Figure 3 categorises
the various types of thermal responses from the building occupant system.

Figure 3. Adaptive response to thermal comfort from occupant and building.

3.2. Static Thermal Comfort Model

Static thermal comfort models underpin the conventional approach to indoor envi-
ronmental design based on fixed, uniform temperature settings. The aim is to maintain
a consistent temperature throughout a space to ensure that the majority of occupants
are comfortable. The most widely used indices for predicting static thermal comfort in
building design and environmental studies are known as the predicted mean vote (PMV)
and predicted percentage dissatisfied (PPD), based on Fanger’s 1970 heat balance “comfort
equation” [43].

The PMV index expresses thermal comfort of a space in terms of the typical thermal
sensation that an “average” person may experience in that space on the basis of the
four thermal environmental and two personal thermal parameters enumerated earlier
in Section 3.1. PMV is widely used to guide design and operational decisions about
heating, ventilation, and air conditioning (HVAC) systems, but also building design, façade
specifications, and floorplate layout.

The predicted percentage dissatisfied (PPD) index is the second part of the Fanger)
static comfort model [44] and is itself derived from the PMV index. PMV refers to the
average thermal sensation (expressed on a seven-point scale) of a large group of building
occupants exposed to a given combination of indoor climatic and personal thermal pa-
rameters. That average is considered to be the mode of a normal (Gaussian) bell-shaped
distribution of thermal sensation votes from the entire group along the seven-point sensa-
tion scale [45].

The central three categories of that subjective warmth scale (i.e., −1 slightly cool,
0 neutral, and +1 slightly warm) were assumed by Fanger to correspond with acceptable or
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thermally satisfactory subjective states. PPD refers to the area of the Gaussian distribution
‘tails’ of thermal sensation votes falling beyond the thermally acceptable central three
sensation categories (i.e., −3 cold, −2 cool, +2 warm, and +3 hot).

PMV/PPD static comfort assumes all occupants have similar preferences and re-
sponses to the given thermal conditions. In reality, however, individuals have very diverse
sensitivities to temperature and other environmental stimuli. As a result, the PMV/PPD
index may not accurately reflect the thermal comfort of many occupants in a given indoor
environment [43]. Most standards recommend the static comfort models for air-conditioned
buildings and the adaptive comfort models for non-air-conditioned or NV buildings.

3.3. Adaptive Thermal Comfort

Adaptive thermal comfort is a more recent approach that considers the dynamic nature
of indoor environments, outdoor mean temperature, and individual occupant preferences.
It recognises that people can tolerate a wider range of temperatures and that thermal
comfort is influenced by a variety of adaptive responses and thermal background, such as
adjustment to personal and environmental parameters initiated by occupants.

Therefore, the adaptive approach aims to provide a range of thermal conditions and
allow occupants to adjust their clothing or behaviour accordingly, resulting in a more
comfortable and energy-efficient indoor environment. Adaptive thermal comfort is mostly
used for naturally ventilated buildings (NV). Equation (1) shows the concept for calculating
adaptive thermal comfort.

Toi = (a × Tarmout) + b (1)

where
Toi = Indoor comfort operative temperature (dependent variable);
Tarmout = Outdoor running mean air temperature (independent variable);
a = Gradient, proportional to the degree of adaptation to local climatic condition;
b = Y-intercept.
In ASHRAE-55 standard (2017) [29], a and b are identified as follows (Equation (2)):

Toi = 0.31 × Tarmout + 21.3 (if the air velocity ≤ 0.3 m/s). (2)

In EN15251 Cat II [17], CIBSE Guide A [31], and ISSO 74 Class C, a and b are identified
as Equation (3).

Toi = 0.33 × Tarmout + 21.8 (if the air velocity ≤ 0.3 m/s) (3)

In Griffiths’ Method [46], a and b are described as following (Equation (4)):

Tn = 0.35 × Tarmout + 13.5. (4)

where
Tn = Neutral air temperature—indoor.
Modified Griffiths’ Method [47,48] describes a and b as Equation (5).

Taccept = 0.26 × Tarmout + 15.5 (5)

where
Taccept = Acceptable temperature.
De dear and Brager [49] developed a revision model for ASHRAE-55 (2020) 31for NV

buildings, and illuminated a and b as follows (Equation (6)):

Tn = 0.31 × Tarmout + 17.8. (6)
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3.4. Analytical and Critical Comparison of International Standards

This section compares the metrics, indices, and threshold limits that have been imple-
mented in the international standards, and critically reviews the advantage and limitations
of each document.

3.4.1. EN 15251
Metric

EN 15251 [17] applies three metrics for quantifying the overheating or discomfort.
These metrics are:

(a) Percentage of occupied hours outside the range (%OhOR).
(b) Degree hours (Dh).
(c) Weighted PPD.

Percentage of Occupied Hours Outside the Range (%OhOR)

The %OhOR metric indicates the percentage of hours in which indoor operative
temperature (Toi) or the PMV falls outside the predefined comfort thresholds associated
with the chosen comfort category. This metric is relevant for both static and adaptive
comfort models.

To compute the %OhOR, a binary weighting factor is employed, where its value is
set to zero during periods when the conditions remain within the comfort ranges, and it
assumes a value of one when conditions deviate from these ranges (Equation (7)). This index
provides a simple and direct representation of the frequency of discomfort, highlighting
instances when occupants may experience discomfort due to environmental conditions.
EN 15251 suggests acceptable deviation of 3–5% for both short-term and long-term periods,
including daily, weekly, monthly, and yearly periods.

%OhOR = ∑N Toi>Tcom
i=1 (7)

where
N = number of occupied hours in a day when Toi is above the comfort temperature,
Toi = indoor operative temperature,
Tcom = comfort temperature.

Degree Hours (Dh)

The degree hours (Dh) refers to the number of hours which fall above the acceptable
threshold, multiplied into number of degrees above the threshold (Equation (8)). The
maximum acceptable threshold of Dh is not identified for this metric. Dh is not normalised
to the number of occupied hours.

Dh = ∑N
i=1 Toi − Tcom (8)

Weighted PPD (∑ PPD)

Weighted PPD refers to occupied hours, when PMV exceeds the comfort threshold
(above +0.5, or lower than −0.5). It quantifies the summation of hourly percentage of
dissatisfaction (Equation (9)). However, no maximum threshold is identified.

PPD = ∑N−0.5>PMV>0.5
i=1 (9)

where
N = number of occupied hours when PMV is above or lower comfort threshold.

Index

Indices applied in EN 15251 are indoor operative temperature (Toi) and PMV. They
could be applied in both adaptive and static thermal comfort models.
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The limitations for EN 15251 criteria would be:

(a) The %OhOR metric does not consider the intensity of exposure to heat.
(b) The %OhOR metric applies the same threshold limitations for short-term (i.e., weekly),

and long-term (yearly) exposure to discomfort.
(c) The degree hours metric is not normalised to the occupied hours.
(d) There is not a maximum threshold for the degree hour and weighted PPD metrics.
(e) The index operative temperature does not consider air movement and relative humidity.

3.4.2. EN 16798

EN 16798 [18] suggests the same metric and indices used in EN 15251 for the thermal
comfort measures; however, it revised the shortcoming of EN 15251 and suggests different
acceptable percentage for short term and long-term exposure to heat. It proposes a 20–50%
acceptable deviation on a weekly basis, 50% is the maximum acceptable criterion for the
weekly basis. Accordingly, it suggests 12–25% for a monthly basis, and 3–6% for an annual
basis during occupied hours.

3.4.3. ISO 7730
Metric

The metrics suggested in ISO 7730 [34] are:

(a) Percentage of occupied hours outside the range (%OhOR).
(b) Degree hours (Dh).
(c) Weighted PPD (∑ PPD).
(d) Average PPD.
(e) Total PPD.

The difference between weighted PPD in ISO 7730 compared with EN 15251 is that in
ISO 7730, percentage of discomfort happens when PMV is ≥+0.5 or −0.5, whilst in EN15251,
percentage of discomfort counts when PMV is bigger > than +0.5 or less than −0.5. The
average PPD metric presents the average accumulation of PPD during the occupied hours.
The total PPD calculates the accumulation of all PPDs over the occupied hours.

Index

The indices suggested in ISO 7730 are operative temperature, and PMV.
Limitations of ISO 7730 are listed below:

(a) There is not any threshold limit for all the defined metrics (%OhOR, Dh, weighted
PPD, average PPD, and total PPD).

(b) The index operative temperature does not consider air movement and relative humidity.

3.4.4. CIBSE Guide A (2006)
Metric

A single metric proposed in CIBSE Guide A (2006) [31] is percentage of occupied hours
outside the range (%OhOR), which is defined only for the naturally ventilated buildings. It
is calculated based on the summation of occupied hours above the threshold during the
total number of occupied hours. The threshold limit is defined for up to 1% during the
occupied hours over a year in bedrooms and living rooms in residential buildings.

Index

The index proposed in CIBSE Guide A (2006) is operative temperature.
Limitations of CIBSE Guide A are listed below:

(a) The proposed index is operative temperature, which does not consider two environ-
mental parameters, namely relative humidity and indoor air movement; and two
personal parameters, known as metabolic rate and clothing value.

(b) It does not include the intensity of exposure to heat.
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3.4.5. CIBSE TM52

CIBSE TM52 [16] defines three criteria for the overheating risk assessment for only
free-running buildings. Each dwelling that fails to meet any two of the three criteria is
assessed as overheated.

CIBSE TM52 Criteria I

Metric

The metric proposed in CIBSE TM52 criteria I is percentage of exceedance hours (%Eh).
The %Eh is the percentage of occupied hours, when indoor operative temperature

exceeds the threshold limit by 1 degree centigrade or above during the total number of
occupied hours. This metric requires the calculation over the warm season (1 May to
30 September in Northern Hemisphere). The maximum limit is allowed for 3% during the
occupied hours during the summertime.

CIBSE TM52 Criteria II

Metric

In criteria II, CIBSE TM52 focuses on overheating within one day and introduces
daily degree exceedance hours (DEh). It quantifies the summation of exceedance hours
multiplied to the intensity of heat. The intensity of heat is calculated as delta between the
operative temperature and the maximum threshold limit. The maximum acceptable daily
DEh is 6-degree exceedance hours in any one day to limit the overheating in extreme events
such as during heatwaves.

CIBSE TM52 Criteria III
This criterion includes a maximum value in which the indoor operative tempera-

ture should not be exceeded by 4 degrees Celsius. This criterion does not consider the
summation (intensity) of exposure to heat over the time.

Index

The index proposed in CIBSE TM52 for all three criteria is operative temperature.
Limitations for CIBSE TM 52 are listed as follows:

(a) The metric %Eh does not include intensity of exposure to heat.
(b) The index, operative temperature does not include the two other environmental pa-

rameters (relative humidity, and indoor air movement), and two personal parameters
(clothing value, and metabolic rate).

3.4.6. CIBSE TM59
Metric

The proposed metrics in CIBSE TM59 [32]:

(a) For mechanically ventilated buildings, CIBSE TM59 applies a fixed set point, and
forcing that operative temperature should not exceed of 26 ◦C for more than 3% during
the occupied hours over a year in all zones (bedroom, kitchen, and living room).

(b) Naturally ventilated buildings need to pass two criteria as follows:

(1) All zones including bedrooms, living room, and kitchen need to follow criteria
I in CIBSE TM52.

(2) For the bedrooms, an additional metric named percentage of sleeping hours
outside the range (%ShOR) is introduced. The %ShOR dictates that the opera-
tive temperature should not exceed 26 ◦C for more than 1% over a year during
the sleeping hours (10:00 p.m.–7:00 a.m.) in the bedrooms.

Index

The index applied in CIBSE TM59 is operative temperature.
Limitation of CIBSE TM59:
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(a) The index proposed in TM59 is operative temperature, which does not consider
relative humidity, indoor air speed, metabolic rate, and clothing insulation for the
comfort calculation.

(b) The intensity of exposure to heat is overlooked in the metrics of TM59.
(c) The maximum threshold limitations are designed for the long-term overheating

assessment and does not take into account the short-term overheating and extreme
heat events, such as heatwaves.

3.4.7. CIBSE Guide A (2015)
Metric

The metrics applied in CIBSE Guide A (2015):

(a) For the buildings with mixed mode ventilation (combination of mechanical and
natural ventilation), CIBSE Guide A (2015) suggests percentage of occupied hours
outside the range (%OhOR) metric. %OhOR shows the percentage of occupied hours
above the comfort zone. The calculated %OhOR should not exceed 3% during the
occupied hours over a year.

(b) For naturally ventilated buildings CIBSE Guide A (2015), follows the three criteria
proposed in CIBSE TM52.

Index

The indices used in CIBSE Guide A are operative temperature, and PMV.
Limitations for CIBSE Guide A (2015) are listed below:

(a) The metric %OhOR does not consider the intensity of exposure to heat.
(b) The indices applied are operative temperature and PMV, which do not include two

environmental parameters (relative humidity and air speed) in the calculation of comfort.

3.4.8. Passive House
Metric

The metric introduced in Passive House [35] for passively cooled buildings (no active
cooling such as air conditioning or HVAC systems) is the percentage of hours outside the
range (%hOR) for occupied and unoccupied hours. It refers to the percentage of exceedance
hours above 25 ◦C operative temperature. It requires that all zones not exceed 10% over
a year.

Index

Index applied in Passive House standard is operative temperature.
Limitations of Passive House criteria:

(a) The metric %hOR does not include the intensity of overheating.
(b) The metric does not include the occupied hours.
(c) The index applied is operative temperature, which does not count two environmental

parameters of relative humidity and indoor air movement and two personal parame-
ters of metabolic rate and clothing value in the comfort estimation.

(d) It assesses the long-term risk of overheating over a year. Therefore, the short-term
overheating assessment is overlooked.

3.4.9. ASHRAE-55 (2017) and ASHRAE-55 (2020)
Metrics

Metrics proposed in ASHRAE 55 (2017) and (2020) are listed below:

(a) Exceedance hours (Eh).
(b) Degree Exceedance hours (DEh).

Exceedance hours refer to accumulation of number of occupied hours when PMV or
operative temperature falls beyond the thermal comfort zone threshold. The comfort zone
could follow either static comfort zone boundaries or adaptive comfort zone boundaries.
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The degree exceedance hours are calculated based on the number of exceedance oc-
cupied hours multiplied to the intensity of discomfort. For the static model, the intensity
of discomfort is calculated as the accumulation of PMVs above +0.5 and less than −0.5.
For the adaptive model, degree of discomfort is calculated as the summation of opera-
tive temperatures above the upper limit of the comfort zone (for the overheating) and
the summation of operative temperatures below the lower limit of comfort zone for the
over cooling.

Index

The indices proposed in both ASRAE 55 (2017) and ASHRAE 55 (2020) are operative
temperature and PMV.

Limitations of ASHRAE 55 (2027) and (2020):

(a) The exceedance hours (Eh) metric does not calculate intensity of exposure to heat.
(b) The maximum acceptable limit is not identified.

Table 1 summarises the metrics, indices, threshold limitations, building type, and the
cooling operation systems in all the described regulatory documents described above.

Table 1. Analytical and critical comparison of international standards. Avg = average, %OhOR = per-
centage of occupied hours outside the range; Toi = indoor operative temperature; %hOR = percentage
of hours outside the range; %ShOR = percentage of sleeping hours outside the range; Dh = degree
hours; Eh = exceedance hours; NV = natural ventilation; and mechanical ventilation = MV.

Standard Metrics Index Threshold Limit
Thermal

Comfort Model
Building Type

Building
Operation

System

EN 15251[19] %OhOR; Dh;
weighted PPD PMV; Toi

Acceptable deviation
of 3–5% of %OhOR for
daily, weekly, monthly,

and yearly periods
during the occupied

hours.

Static and
adaptive model

All building
types, with
occupants’

availability to
adaptation
response.

MV and NV

EN 16798
[33]

%OhOR; Dh;
weighted PPD PMV; Toi

Acceptable deviation
of 20–50% of %OhOR

(weekly); 12–25%
(monthly); 3–6%

(annually) deviation
during occupied hours.

Static and
adaptive model

All with
occupant

availability to
adaptation
response.

MV and NV

ISO 7730
[34]

%OhOR; Dh;
weighted PPD;
average PPD;

total PPD

PMV Not specified Static and
adaptive model

All with
occupant

availability to
adaptation
response.

MV and NV

ASHRAE 55
[29,30]

Exceedance
hours (Eh);

degree
exceedance
hours (DEh)

PMV; Toi Not specified Static and
adaptive model

All with
occupant

availability to
adaptation
response.

MV and NV
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Table 1. Cont.

Standard Metrics Index Threshold Limit
Thermal

Comfort Model
Building Type

Building
Operation

System

CIBSE Guide
A (2006) [31] %OhOR Toi

Max 1% deviation of
%OhOR during

occupied hours over a
year in bedrooms and

living room.

NA Residential
buildings NV

CIBSE TM52
[18]

%Eh
(Criteria I);

DEh
(Criteria II); Toi

(Criteria III).

Toi

Criterion I: max 3%
deviation of %Eh

during occupied hours
during a year.

Criterion II: max 6
degree exceedance
hours during a day.

Criterion III: max 4 ◦C
operative temperature
right now right here.

NA Residential
buildings NV

CIBCE Guide
A (2015) [31] %OhOR, PMV, Toi

Max 3% on %OhOR
during the occupied

hours for MV
buildings;

for NV buildings same
as CIBSE TM52.

NA Residential
buildings MV and NV

CIBCE TM59
[32]

%Eh
%ShOR Toi

For MV buildings:
Max Toi of 26 ◦C for
max 3% during the

occupied hours over a
year in all zones.

For NV buildings:
(a) living, kitchen, and
bedroom follow CIBSE

TM 52; and
(b) bedrooms max Toi
of 26 ◦C for max 1% of

total annual hours
during the sleeping

hours.

NA Residential
buildings MV and NV

Passive house
[35] %hOR Toi

Max 10% of %hOR
when Toi is above 25 ◦C

for all living areas.
NA All Passive

cooling

3.5. Analytical and Critical Comparison of National Building Codes

The European Commission established a framework including the Energy Perfor-
mance of Building Directive (EPBD) in 2012, aiming to reduce CO2 emission and improve
energy performance of the buildings by 2050. The member states of the European Commis-
sion have to implement the general regulations made by EPBD. This manuscript analysed
and compared the thermal comfort and overheating assessment criteria embedded in the
national building codes. For each available regulatory document, we extracted the em-
ployed standard, index, threshold limit, building type, and the building operation system
(see Table 2). Only the available English version of national codes is included in this study.
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Table 2. Analytical and critical comparison national building codes based on the Energy Performance
of Building Directive (EPBD). NV = natural ventilation; Resi = residential building; Tai = indoor
air temperature; MRTi = indoor mean radiant temperature; NS = not specified; NA = not applica-
ble; IT = internal index (UK); IO = overheating index (Belgium); Soh = solar transmittance index
(Germany); and Szul = sum of solar input parameters given in DIN 4108 (Germany).

National
Building

Code
Standard Index Threshold Limit

Thermal
Comfort

Parameters
Included

Occupant’s
Adaptive
Response

Building
Type

Building
Operation

System

Belgium
(Brussels)

Passive
House Toi

Max 25 ◦C by 5% during
the occupied hours over

a year.
Tai; MRTi No Resi NV

Belgium
(Wallonia

and
Flanders)

ISO 13790 IO 1000 Dh < Ioh < 6500 Dh No No Resi NV

Germany DIN 4108 Toi

Compliance through
passing one of the

criteria.
Criteria I: Soh ≤ Szul
(sum of solar input
parameters given in

DIN 4108).
Criterion II: threshold

temperature depends on
climatic region (25 ◦C,

26 ◦C, and 27 ◦C),
Dh < 1200 Dh during

a year.

Tai; MRTi N0 Resi

Passive
cooling and

active
cooling

France EN 15251 Toi Dh < 1250 Tai; MRTi Yes Resi NV

UK SAP IT NA Tai No Resi NV

Netherlands NS
TOJULY;
GTO;
PMV

Criteria I: max limit
value of 1 for TOJULY.

Criteria II: max
threshold value of 450
for GTO in living area

(when PMV
exceed +0.5).

Tai; MRTi No Resi NV

3.5.1. France

France adopted the EN 15251 standard and implements the degree hours (Dh) metric
and indoor operative temperature index to assess discomfort in new residential buildings
during the summer months [12]. The threshold for the comfort zone is derived from
the upper limit of adaptive comfort model used in EN 15251. The maximum acceptable
exceedance operative temperature is 1250 Dh for the summertime. It could be translated
to a 25-day period of 28 ◦C indoor operative temperature during the nighttime and 30 ◦C
during the daytime. The weather file for the assessment should be similar to the weather
data in 2003, when a heatwave occurred.

Critical review of the criteria:

(a) The criteria are appliable in all climate zones across the country (France has different
climate zones, i.e., Oceanic and Mediterranean).

(b) The criteria are for the long-term assessment (during the summertime), therefore,
extreme events such as heatwave days could be neglected.

(c) All hours including occupied, and non-occupied hours are included.
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(d) The index applied is operative temperature, which excludes four other comfort
parameters (i.e., relative humidity, indoor air movement, clothing insulation, and
metabolic rate).

3.5.2. Belgium

Belgium is a country with three regions, namely Brussels, Flanders, and Wallonia. Each
region implies its own regulation to meet the EPBD requirements. Brussels implements the
thermal comfort criteria in residential buildings based on the Passive House standard. The
operative temperature during the occupied hours should not exceed 25 ◦C for maximum
of 5% during a year [15].

In Flanders and Wallonia, an overheating index (IOh) is introduced which is derived
from ISO 13790 and is calculated based on the heat balance equation taking into account
the heat gain and heat loss of the building in degree hours (Dh). The acceptable range of Ioh
is between 1000 Dh and 6500 Dh.

Critical review of these criteria includes:

(a) The indices Toi and Ioh do not include two environmental parameters (relative hu-
midity, and indoor air speed) nor two personal parameters (clothing value and
metabolic rate).

(b) It uses same threshold limitation for short-term and long-term exposure to heat stress.
(c) It counts all the occupied and non-occupied hours.
(d) It does not consider the adaptation responses from occupants.
(e) The intensity of exposure to heat is not counted.

3.5.3. Germany

In Germany, the overheating assessment method includes two criteria, and each
building needs to meet at least one criterion to pass the assessment.

Criterion I

This criterion is based on solar heat gains in the most critical room. A solar transmit-
tance index is introduced (Strans) which is the function of window type, window size, room
size, and shading systems.

Criterion II

Criterion II proposes the degree hours (Dh) metric. The maximum acceptable Dh is
1200 Dh over a year in the most critical room. The threshold operative temperature depends
on the climate zone ranging between 25 and 27 ◦C.

Critical reviews of these criteria are listed below:

(a) Criterion I is based on solar heat gain, therefore, the heat gain from occupants and
devices, i.e., cooking heat, are not included.

(b) Criterion I does not include the intensity of heat exposure.
(c) In criterion I, the environmental and personal parameters of thermal comfort calcula-

tion are not included.
(d) In criterion I, overheating assessment is time independent.
(e) Both criteria do not consider the occupants’ adaptation responses.
(f) Both criteria are not normalised to occupied hours.

3.5.4. Netherland

In Netherland there are two criteria [12]:
Criteria I, introduce a dimensionless index only for the month of July, named over-

heating index July (IOJuly). The index is calculated based on the number of external façades
of the building and is derived from the average cooling requirement of the entire building.
The maximum limit value for IOJuly is 1.
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Criterion II is based on weighted PPD when PMV exceed +0.5. The index is named
GTO and has a maximum limitation of 450.

These criteria could be criticised as:

(a) Both criteria are only applied in July. Therefore, other extreme events during other
summer months are neglected.

Criteria I is based on heat balance equation and does not include thermal comfort
parameters.

Criteria I is for all hours, including occupied and unoccupied hours.
Occupants’ adaptation responses are not considered in both criteria.

3.5.5. United Kingdom

In the United Kingdom, the overheating evaluation is based on the standard assess-
ment procedure (SAP) [21]. SAP introduces an index named internal threshold (IT) for
overheating assessment during summer months (June, July, and August). IT is applied to
estimate the likelihood of high indoor heat. In the calculation of IT, external air temperature,
heat gains, heat losses, and building thermal mass are considered.

These criteria could be criticised as:

(a) The criteria are specified for summer months only, therefore, other extreme events
outside the summertime could be excluded.

(b) The overheating assessment is for the long-term assessment (monthly), whilst the
short-term events would be neglected.

(c) The index is based on air temperature therefore other parameters impacting the
thermal comfort are not included (relative humidity, air velocity, personal metabolic
rate, and clothing value).

(d) It calculates all hours including occupied hours and non-occupied hours.

Table 2 summarises the overheating assessment criteria in five national building codes.
The analysis of international standards reveals that most of the standards, the em-

ployed indices focusing primarily on the air temperature and operative temperature,
neglect crucial environmental parameters (relative humidity and indoor air velocity) and
personal factors (clothing value and metabolic rate) that significantly influence occupants’
thermal sensation [50]. Furthermore, the regulatory documents often overlook occupants’
adaptation responses. In naturally ventilated buildings, where occupants are more ex-
posed to outdoor air temperature, the consideration of adaptive thermal comfort becomes
pertinent [49]. The thermal comfort threshold and overheating criteria in the regulatory
documents play a significant role in the energy consumption or savings in the buildings.

Following reviewing the international and national regulatory documents, we suggest
following measures for the improvement or development of regulatory overheating criteria.

(a) Introduce a comprehensive metric: Propose a metric which measures both intensity
and duration of exposure to heat stress, such as the degree hours metric, examined by
Sadeghi et al. (2021) [8]. During extreme events such as heat waves, the human body’s
thermal regulation responds not only to the intensity of heat, but also to the cumulative
duration of exposure. Prolonged exposure to elevated temperatures can overwhelm
the body’s ability to dissipate heat, increasing the risk of heat-related illnesses. By
integrating both factors, this metric provides a more holistic understanding of heat
stress, enabling better assessment of overheating risks in residential buildings.

(b) Thermal comfort index: apply an index that quantifies thermal sensation by en-
compassing four environmental parameters (indoor air temperature, mean radiant
temperature, relative humidity, and indoor air velocity), along with two personal
parameters (metabolic rate and clothing insulation).

(c) Incorporate short-term and long-term assessment: implement a nuanced approach to
consider both short-term evaluations (i.e., extreme heat events such as heatwaves),
and long-term overheating assessment (i.e., over a year or over summertime).
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(d) Account for occupant adaptation: Include considerations for occupant adaptation
responses, acknowledging that occupants may modify their behaviour based on
the thermal conditions. For example, with regards to occupants’ clothing value or
metabolic rate, it could consider typical summer clothing value for calculations over
summertime; or assume a metabolic rate of a standing relaxing person for the kitchen
and sitting rooms predictions.

(e) Climate zone differentiation: recognise the diverse climates across the country address-
ing the unique thermal challenges of each climate zone as classified by the national
climate classification, i.e., National Construction Code (NCC) in Australia [23].

4. Conclusions

In this study, we explored and critically compared international standards and na-
tional building codes related to the assessment of thermal comfort and overheating risk
in residential buildings. The findings reveal that most of the standards employ indices,
particularly focusing on air and operative temperatures, yet often overlooking crucial envi-
ronmental parameters and personal factors that significantly impact occupants’ thermal
experiences.

International standards such as ASHRAE-55, EN 15251, and ISO 7730 predominantly
utilise metrics such as percentage of occupied hours outside the range (%OhOR), and
weighted predicted percentage dissatisfied (PPD). While these metrics offer insights, they
exhibit limitations, including a lack of consideration for the intensity of exposure to heat,
uniform threshold limitations for short and long-term assessments, and neglect of adapta-
tion responses from occupants.

The static thermal comfort models, exemplified by the predicted mean vote (PMV),
offer a traditional yet limited approach by assuming uniform preferences among occupants.
Conversely, the adaptive thermal comfort model recognises the dynamic nature of indoor
environments, individual preferences, and adaptation responses, providing a more nuanced
and energy-efficient framework especially suitable for naturally ventilated buildings [49].

Analysing national building codes, we explored criteria from France, Belgium, Ger-
many, Netherlands, and the United Kingdom. Notably, these criteria vary in their ap-
proaches, introducing indices such as internal threshold (IT), overheating index (IO), and
overheating metrics for specific months. However, common limitations persist, such as
overlooking short-term events, neglecting occupants’ adaptation responses, and focusing
predominantly on the air temperature.

Considering the absence of mandatory regulations for overheating criteria in residen-
tial buildings in some countries across the world, i.e., Australia, we propose a comprehen-
sive approach for developing new overheating regulatory documents specified to the local
climate. Suggestions include introducing a metric to measure both intensity and duration of
heat stress, employing a thermal comfort index encompassing environmental and personal
parameters, differentiating between short-term and long-term assessments, accounting for
occupant adaptation, and recognising the diverse climate zones across the country.

This study faced certain limitations that should be addressed in future research. Some
national regulatory documents, such as those from Italy and Greece, were only available
in local languages, and their English versions were inaccessible. As a result, the analysis
relied on European legislation and documentation, limiting the inclusion of region-specific
details from these countries. Future studies may look at possibilities for developing climate-
adaptive regulations tailored to the needs of individual countries, which will be crucial to
addressing the unique challenges posed by varying geographic and climatic conditions.

Addressing overheating risk in buildings requires a holistic and adaptive approach that
considers the diverse factors influencing thermal comfort. Striking knowledge of human
thermal physiology, human adaptation responses, building physics, and environmental
climate especially in geographically varied countries such as Australia, is crucial for creating
effective and sustainable regulations to ensure occupants’ well-being and energy-efficient
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building practices. Our findings have implications for policymakers, building energy
assessors, building designers, and public health professionals.
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Nomenclature

Toi Operative temperature—indoor (◦C)
MRT Mean radiant temperature—indoor (◦C)
Tai Air temperature—indoor (◦C)
Taout Air temperature—outdoor (◦C)
PMV Predicted mean vote (dimensionless)
PPD Predicted percentage dissatisfied (%)
h Hour (h)
Oh Occupied hours (h)
Dh Degree hours (◦Ch)
Eh Exceedance hours (h)
Met Metabolic rate (met)
Clo Clothing value (clo)
Vi Air speed—indoor (m/s)
W Wind speed—outdoor (m/s)
Tarmout Running mean air temperature—outdoor (◦C)
Tn Neutral air temperature (◦C)
Taccept Acceptable air temperature (◦C)
Tcom Comfort temperature (◦C)
%OhOR Percentage of occupied hours outside the range (%)
%hOR Percentage of hours outside the range (%)
%ShOR Percentage of sleeping hours outside the range (%)
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Abstract: The formation of local areas in large buildings with regulated thermal conditions is an
urgent task. The use of gas infrared heaters for this purpose raises questions on the utility of an
air-exchange system and the monitoring of the combustion product concentration. In this study,
the modeling of heat transfer processes on premises with a gas infrared heater and an air-exchange
system was conducted. The carbon dioxide concentration in the local working area when using a
light-type gas infrared heater was determined. The regularities of current formation for circulating
air and combustion products on the premises at various air-exchange rates were analyzed. The
profiles of CO2 temperatures and concentrations in the local working areas on the left and right of the
equipment model are shown. The article makes a conclusion about the influence of air velocity from
the air-exchange system based on average values of carbon dioxide concentration on the premises
and in the local working area. The possibility of increasing the temperature in the local working
area without exceeding the permissible CO2 concentrations (less than 1000 ppm) has been identified.
The formulated approach allows us to predict the available modes of the air-exchange system to
create the highest possible comfort heating parameters while maintaining an acceptable degree of air
pollution from combustion products.

Keywords: gas infrared heater; air-exchange system; local working areas; fields of temperatures; field
CO2 concentrations

1. Introduction

The use of gas infrared heaters (GIHs) has a number of advantages over traditional
heating systems [1,2]. One of the main benefits lies in the possibility of creating local thermal
areas in large industrial premises [3–5]. The creation of such areas is most expedient with
the help of light-type GIHs [4,6]. They have a higher power (compared to dark-type
ones [4,6]), which is reached through open gas combustion. However, such combustion
leads to combustion product emissions (mainly CO2) into the environment. For this reason,
the air-exchange system’s operation is required during light-type GIH use [7–9]. When
creating thermal areas for a worker, it is advisable to maintain regulated thermal conditions
(microclimate) [10–13]. Therefore, parameters such as temperature, air velocity movement,
and air composition should be varied within the specified limits. According to standards,
the time-weighted average CO2 in the air composition for premises where people are
located should not exceed 1000 ppm (Table 1) [10–13].

Modern methods for calculating gas concentrations in premises and maintaining
specified air parameters are mostly based on balance models [10,14,15]. Here, the gas is
considered to be evenly distributed on the premises. The CO2 concentration is measured by
sensors installed in arbitrarily selected zones. Based on the data obtained, the mode of air-
exchange system operation is controlled, and the regulated air composition is maintained.
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Table 1. Indoor air quality classification (EN 13779:2007, GOST 30494-2011) [10–13].

Class
Indoor Air Quality

Acceptable CO2 Level *, ppm
Optimal Permissible

1 High 400 and less

2 Average 400–600

3 Permissible 600–1000

4 Low 1000 and more
* Allowable CO2 content in the room is taken over the CO2 content in the outdoor air outside the room, ppm.

However, recent studies have shown that CO2 concentrations in the local working
area on premises with an operating air-exchange system may not correspond to the average
concentrations of pollutants [14,15]. The spatial distribution of carbon dioxide on industrial
premises is influenced by many factors: the heat load distribution, the number and location
of air inlet and outlet ducts of air-exchange systems, the flow rate and temperature of
the supply air, and the location of the CO2 emission source [16,17]. For example, it was
experimentally established that the heat load distribution has a significant effect on the
CO2 distribution in the room [17]. The heated surface intensifies the air movement around
it. As a result, the carbon dioxide concentration in this local area decreases. This effect
has also been confirmed in numerical simulations [18]. It was found that the heated
surface intensified the mixing of air in the local area while reducing the value of the CO2
concentration by 4.5%. At the same time, the efficiency of air circulation increases by 26.9%.

Heated surfaces in the local working area can significantly affect thermal and concen-
tration fields during the joint operation of open-type gas infrared heaters (CO2 source) and
the air-exchange system [19]. It is also important to mention the established effect of the
additional air heating of the local working area [20]. This effect occurs due to the influx
of heat released by the GIH case into the air layers around it and their movement into
the local working area during air-exchange system operation. It has been experimentally
proven that the flow of “fresh” air from the air-exchange system, flowing around the heater
case, entrains the gaseous combustion products coming from the GIH burners [20]. As a
result, the air-exchange system supplies a mixture of “fresh” air and combustion products
to the local working area. This can significantly worsen the air quality in this area. In
case of increasing cold airflow from the air-exchange system, the air temperature in the
local working area will be significantly reduced. In this regard, it is relevant to analyze the
composition of the mixture of gases entering the local working area due to the operation of
the gas infrared heater and the air-exchange system.

It Is also reasonable to control t”e airflow in the air-exchange system in order to
minimize the gas combustion products influx into the local working area and achieve the
maximum possible (within the limits) air temperature in this area. At the same time, the
concentration of CO2 in it will change. However, the analysis and assessment of such
changes have not been carried out yet.

The aim of this work was to perform a theoretical analysis of the effect of air-exchange
system operation on the thermal conditions and carbon dioxide concentrations in the
local working area when using a light-type GIH for the formation of regulated thermal
conditions of local working areas.

2. Mathematical Statement of the Problem and Solution Method

Mathematical modeling was carried out within the framework of a two-dimensional
approximation for the system shown in Figure 1. A closed rectangular area filled with air
was considered, and there was a gas infrared heater (1) and a horizontal panel (simulating
equipment) (2) placed in it.
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Figure 1. Problem solution area: 1—GIH, 2—panel, 3—air inlet area, 4—air outlet area.

The analysis area also contains the inlet and outlet ducts of the air-exchange system
(3 and 4), with the coordinates of the lower left corner XVENT left, YVENT left and XVENT right,
YVENT right. The mathematical model of the considered process involves the creation of the
following geometric sets:

1. Total premises volume AΣ V .

AΣ V =
{
(x, y)

∣∣∣−Lwall ≤ x ≤ Lx + Lwall ,−L f loor ≤ y ≤ Ly + Lceiling,

}
;

2. Internal premises volume AΣV in.

AΣV in =
{
(x, y)

∣∣0 ≤ x ≤ Lx, 0 ≤ y ≤ Ly
}

;

3. Exterior surfaces of the premises AΣF out.

AΣF out =

⎧⎪⎪⎨
⎪⎪⎩(x, y)

∣∣∣∣∣∣∣∣
x = −Lwall , −L f loor ≤ y ≤ Ly + Lceiling

x = Lx + Lwall , −L f loor ≤ y ≤ Ly + Lceiling
−Lwall ≤ x ≤ Lx + Lwall, y = −L f loor

−Lwall ≤ x ≤ Lx + Lwall , y = Ly + Lceiling

⎫⎪⎪⎬
⎪⎪⎭;

4. Interior surfaces of the premises AΣF in.

AΣF in =

⎧⎪⎪⎨
⎪⎪⎩(x, y)

∣∣∣∣∣∣∣∣
x = 0, 0 ≤ y ≤ Ly

x = Lx, 0 ≤ y ≤ Ly
0 ≤ x ≤ Lx, y = 0

0 ≤ x ≤ Lx, y = Ly

⎫⎪⎪⎬
⎪⎪⎭;

5. Volume of GIH AGIH V .

AGIH V =

{
(x, y)

∣∣∣∣XGIH − LxGIH
2

≤ x ≤ XGIH +
LxGIH

2
, YGIH ≤ y ≤ YGIH + LyGIH

}
;
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6. Total GIH surface AGIH F.

AGIH F =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
(x, y)

∣∣∣∣∣∣∣∣∣

x = XGIH − LxGIH
2 , YGIH ≤ y ≤ YGIH + LyGIH

x = XGIH + LxGIH
2 , YGIH ≤ y ≤ YGIH + LyGIH

XGIH − LxGIH
2 ≤ x ≤ XGIH + LxGIH

2 , y = YGIH + LyGIH
XGIH − LxGIH

2 ≤ x ≤ XGIH + LxGIH
2 , y = YGIH

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

;

7. Volume of the horizontal panel (table) ATb V .

ATb V =

{
(x, y)

∣∣∣∣XTb − LxTb
2

≤ x ≤ XTb +
LxTb

2
, YTb − LyTb ≤ y ≤ YTb

}
;

8. Total surface of the horizontal panel (table) ATb F.

ATb F =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
(x, y)

∣∣∣∣∣∣∣∣∣

x = XTb − LxTb
2 , YTb − LyTb

2 ≤ y ≤ YTb

x = XTb +
LxTb

2 , YTb − LyTb
2 ≤ y ≤ YTb

XTb − LxTb
2 ≤ x ≤ XTb +

LxTb
2 , y = YTb − LyTb

XTb − LxTb
2 ≤ x ≤ XTb +

LxTb
2 , y = YTb

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

;

9. Volume of the air ducts AVENT V .

AVENT V =

{
(x, y)

∣∣∣∣∣ XVENTle f t ≤ x ≤ XVENTle f t +
LxVENT

2 , YVENTle f t ≤ y ≤ YVENTle f t + LyVENT
XVENTright ≤ x ≤ XVENTright +

LxVENT
2 , YVENTright ≤ y ≤ YVENTright + LyVENT

}
;

10. Exterior surface of air ducts AVENT F.

AVENT F =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(x, y)

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

XVENTle f t ≤ x ≤ XVENTle f t + LxVENT , y = YVENTle f t
XVENTle f t ≤ x ≤ XVENTle f t + LxVENT , y = YVENTle f t + LyVENT

x = XVENTle f t, YVENTle f t ≤ y ≤ YVVENTle f t + LyVENT
x = XVENTle f t + LxVENT , YVENTle f t ≤ y ≤ YVVENTle f t + LyVENT

XVENTright ≤ x ≤ XVENTright + LxVENT , y = YVENTright
XVENTright ≤ x ≤ XVENTright + LxVENT , y = YVENTright + LyVENT

x = XVENTright, YVENTrigh ≤ y ≤ YVENTrigh + LyVENT
x = XVENTrigh + LxVENT , YVENTrigh ≤ y ≤ YVENTrigh + LyVENT

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

.

Inlet and outlet duct areas AVENT F in and AVENT F out.
The convective–conductive heat transfer within the assumed physical model was

described by the energy equation [21]:

ρcP
∂T
∂τ

+ ρcP

(→
u ·∇

)
T = ∇·(λ·∇T), (1)

(x, y) ∈ AΣ V\AGIH V\AVENT V

where τ, ρ, T, cP, λ—time, density, temperature, specific isobaric heat and thermal conduc-
tivity, respectively.

The velocity vector field
→
u was determined from the solution of the system of equations

of motion and the continuity of an incompressible gas in the Boussinesq approximation [22]:

ρ
∂
→
u

∂τ
+ ρ

(→
u ·∇

)→
u = ∇·

[
−p

→
I +

→
K
]
+ (ρ − ρ0)

→
g , (2)

ρ
∂
→
u

∂τ
+∇·

(
ρ
→
u
)
= 0, (3)

(x, y) ∈ AΣ V in\ATb V\AGIH V\AVENT V .
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where p,
→
I —pressure and unit tensor symbol; ρ0,

→
g —initial density and gravitational

acceleration;
→
K = (μ+ μT)

[
∇·→u +

(
∇·→u

)T
]
− 2

3 (μ+ μT)
(
∇·→u

)→
I − 2

3 ρk
→
I —viscous friction stress

tensor with allowance for the turbulent component (“T” index), μ—dynamic viscosity
coefficient.

The “k-ε” model was used for modeling the turbulent airflow. The turbulence kinetic
energy (k) and dissipation rate (ε) are described by the equations [23,24]:

ρ
∂k
∂τ

+ ρ
(→

u ·∇
)

k = ∇·
[(

μ +
μT
σT

)
(∇·k)

]
+ Pk − ρε, (4)

ρ
∂ε

∂τ
+ ρ

(→
u ·∇

)
ε = ∇·

[(
μ +

μT
σε

)
(∇·k)ε

]
+ Cε1

ε

k
P

k
− Cε2ρ

ε2

k
, (5)

(x, y) ∈ AΣ V in\ATb V\AGIH V\AVENT V .

Solutions for Equations (4) and (5) were used to calculate μT = ρCμ
k2

ε . In Equations (4)

and (5), the operator had the form Pk = μT

[
∇·→u :

(
∇·→u +

(
∇·→u

)T
)
− 2

3

(
∇·→u

)2
]
−

2
3 ρk∇·→u . The values of the constants were taken according to the general theory [23,24]:

Cε1 = 1.44, Cε2 = 1.92, Cμ = 0.09, σk = 1, σε = 1.3

The generation of turbulence kinetic energy in the region under consideration is
concentrated in the area of significant temperature and velocity gradients. Such gradients
are localized in the area of forced air injection by the air-exchange system and a limited
volume above the GIH. This mechanism of turbulence generation is sufficiently correctly
described by the chosen model. As further calculations showed, the influence of turbulence
on the intensity of mass, momentum, and energy transfer is significant in these same areas.
Also, it has a slight effect on the temperature and concentration fields in the rest of the room,
even with significant variations in the parameters affecting the turbulent motion intensity.

Radiation fluxes were calculated using the zonal model [25,26], with a direct integra-
tion of fluxes between all components (“Surface-to-Surface Radiation”) of a closed system
of surfaces with angular coefficients determined within this system.

The carbon dioxide (CO2) supply was assumed to be carried out from the upper
boundary of the GIH. There was no pollution generation within the volume of the solution
region. Temperature gradients in the region of analysis were relatively small. Thermal
diffusion as a process of the second order of significance can be neglected. Fick’s Law was
used as a diffusion model for the binary “air-carbon dioxide” diffusion process. The main
equation for mass conservation in a non-conservative form, and additionally used relations
can be written as follows [21,27]:

ρ
∂ωi
∂τ

+ ρ
(→

u ·∇
)

ωi = −∇·ji, (6)

(x, y) ∈ AΣ V in\ATb V\AGIH V\AVENT V .

ji = −
(

ρD f
i ∇ωi + ρD f

i ωi
∇Mn

Mn
− jc,i

)
, (7)

Mn =

(
∑

i

ωi
Mi

)−1

, ωi·Mn = χi·Mi, (8)

jc,i = ρωi∑
k

Mi
Mk

D f
i ∇χk. (9)
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The system of Equations (6)–(9) was based on the mass and molar concentrations
(ωi, χi), molar masses (Mn) and binary diffusion coefficients (D f

i ). The dependence of the

diffusion coefficient D f
i on temperature was taken into account in the form:

D f
i = D f

i0

(
T
T0

)1.70
(10)

The values of temperatures T0, zero values of the air velocity components, and the
initial value of the mass fraction of CO2 over the entire area were taken as the initial
conditions:

T(0, x, y) = T0,
→
u (0, x, y) = 0, ωCO2(0, x, y) = ωCO20,

(x, y) ∈ AΣ V\AGIH V\AVENT V.

The temperature of the radiating surface of the GIH was set constant on its lower
surface for the entire operation time:

T(τ, x, y) = TGIH , τ > 0, XGIH − LxGIH
2

≤ x ≤ XGIH +
LxGIH

2
, y = YGIH .

During the limited time of GIH operation (work shift), the enclosing structures, as a
rule, do not have time to warm up over the entire thickness. Therefore, the conditions of the
adiabaticity at the outer boundaries of the solution area were used as boundary conditions
for Equation (1): −→∇T(τ, x, y) = 0, τ > 0, (x, y) ∈ AΣ F out.

On the side surfaces of the GIH:

−→∇T(τ, x, y) = TF GIH , τ > 0,

(x, y) ∈
(

x = XGIH − LxGIH
2

, YGIH ≤ y ≤ YGIH + LyGIH

)
∪

∪
(

x = XGIH +
LxGIH

2
, YGIH ≤ y ≤ YGIH + LyGIH

)
.

Here, TF GIH is the temperature of the side surfaces of the GIH. Thermocouple mea-
surements show that the TF GIH value does not practically depend on the experimental con-
ditions. By the 20th minute of the GIH operation, it reaches the value TF GIH ∼= 47 ± 4 ◦C.

On the upper surface of the GIH:

−→∇T(τ, x, y) = − qF GIH
λ

, τ > 0,

(x, y) ∈
(

XGIH − LxGIH
2

≤ x ≤ XGIH +
LxGIH

2
, y = YGIH + LyGIH

)
.

Here, qF GIH—density of convective heat flux of combustion products. The qF_GIE
value was determined by the rated thermal power (QV GIHW), radiant efficiency (ηRad)
and the upper surface area of the GIH (FUp_GIH, m2) in accordance with the relationship:
qF GIH = (1 − ηRad)QV_GIH/FUp_GIH .

The density of the heat flux to the surface qsol was the sum of the density of the
conductive–convective heat flux to this surface qgas and the density of the radiative thermal
qrad from all radiating surfaces:

qsol = qgas + qrad,τ > 0, (x, y) ∈ AΣ F in ∪ ATb F.
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The no-slip conditions for the “gas-solid surface” interfaces were taken as the boundary
conditions for the system of Equations (2) and (3) [22–24].

→
u (τ, x, y) = 0, τ > 0,

(x, y) ∈ AΣ F in ∪ ATb F ∪ AGIH F ∪ AVENT F\AVENT F out\AVENT F in.

Since the viscous effects prevail over turbulent ones near solid surfaces, the method of
near-wall functions was used [22–24].

For the air inlet area (x, y) ∈ AVENT F out, the air velocity normal to the surface was
set, which can be determined by the mass flow rate, the duct area and the inflow air
temperature. For the air outlet area (x, y) ∈ AVENT F out, the pressure value was set equal
to the atmospheric pressure outside the premises.

It was assumed that air pollution with carbon dioxide occurred due to the combustible
gas burning and localizing on the upper GIH surface:

jCO2(τ, x, y) = jGIHCO2 , τ > 0,

(x, y) ∈
(

XGIH − LxGIH
2

≤ x ≤ XGIH +
LxGIH

2
, y = YGIH + LyGIH

)
.

Based on the heat release rate from the chemical reaction QV GIH and the net calorific
value of the fuel Q f uel (J/m3), the volumetric flow rate of combustible gas for the initial

temperature Tbeg was determined as V′
f uel =

(
QV GIH/Q f uel

)(
Tbeg/273

)
. The standard

fuel formula CγC HγH was used to calculate its molar mass Mf uel = γC·12 + γH·1 and
mass fraction of carbon gC f uel = γC·12/Mf uel . The density of the pollution mass flow was
calculated using the formula:

jGIH CO2 = V′
f uel ·

pbeg·Mf uel

8314·Tbeg
·gC f uel ·

(
44
12

)
/FUp_GIH . (11)

It was assumed that the air coming from the air-exchange system into the premises
contains CO2 in an amount equal to the initial value ωCO20.

The no-flow condition was set for all other solid surfaces:

→
n ·jCO2(τ, x, y) = 0, τ > 0,

(x, y) ∈ AΣ F in ∪ ATb F ∪ AGIH F ∪ AVENT F\AVENT F out\AVENT F in,

(x, y) /∈
(

XGIH − LxGIH
2

≤ x ≤ XGIH +
LxGIH

2
, y = YGIH + LyGIH

)
,

where
→
n —unit normal vector to the surface.

The finite element method was chosen for solving the system of Equations (1)–(10)
with the corresponding initial and boundary conditions. The COMSOL Multiphysics
software environment with modules «The Heat Transfer in Fluids», «The Turbulent Flow» ,
«Transport of Concentrated Species» and «Surface-to-Surface Radiation» was used.

For a comparative analysis of changes in the average pollution of a room in mass
(gCO2 ) and volume (rCO2 ) fractions, it was assumed that:

1. Mass flows Gvent of the air-exchange system (inlet and outlet) were the same;
2. The air mass on the premises mroom was constant;
3. The mass carbon dioxide influx on the premises due to combustion did not change the

air mass on the premises. It was considered constant and determined by the following:
GGIH CO2 = jGIH CO2 ·FUp_GIH .
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Under these assumptions, the change in the CO2 mass on the premises can be described
by the following relationship:

mroom
dgCO2

dτ
= −Gvent

(
gCO2 − g0CO2

)
+ GGIH CO2 (12)

Solutions were obtained by the following transformations:

dgCO2

dτ
= − Gvent

mroom

[(
gCO2 − g0CO2

)− GGIH CO2

Gvent

]
,

θ =
(

gCO2 − g0CO2

)− GGIH CO2

Gvent
,

dgCO2

θ
= − Gvent

mroom
dτ =⇒ θ = θ0e−

Gvent
mroom τ , θ0 = −GGIH CO2

Gvent
.

The Gvent
mroom

value has a clear physical meaning: Kr = Gvent
mroom

=
Air exchange rate

3600 .
The solution for gCO2 can be written as:

gCO2 = g0 CO2 +
GGIH CO2

Gvent
·
(

1 − e−Kr·τ
)

. (13)

A steady-state value of gCO2 max is reached at τ −→ ∞ :

gCO2 max = g0 CO2 +
GGIH CO2

Gvent
.

To determine rCO2 , the following relationship was used:

rCO2 =
gCO2

44
· 1

gCO2
44 +

(1−gCO2)
29

. (14)

The verification of the mathematical model of heat and mass transfer processes in a
room with a gas infrared heater (GIH) was conducted using previously obtained experi-
mental data. The experiments examined the thermal state and distribution of combustion
products of natural gas (propane) used in a gas infrared heater. The temperatures and con-
centrations of CO2, as well as the flow structure in local working areas of a large production
facility, were observed.

Experimental studies were carried out in a room with overall dimensions of
5 × 4.4 × 11 m (Figure 2) with an installed light-type GIH-5 of 5 kW nominal thermal power
(manufactured by the Sibshvank company, radiant efficiency ηRad = 0.57). An experimental
frame made of aluminum pipes with a diameter of 0.015 m with a plastic outer covering
was installed in the room. Such a covering allowed us to place a horizontal wood panel
(1.2 × 0.6 × 0.04 m) at different heights from the floor. The panel served as a model of
the equipment. The highly thermally conductive material and small diameter of the tubes
made it possible to neglect its effect on the generated thermal conditions in the room. The
initial temperature was set equal to 7 ◦C.

The computer, shut-off, and control equipment, as well as a gas cylinder, were located
outside the room to eliminate their influence on the thermal conditions of the temperature
recording area. The used supply and exhaust ventilation system had an airflow of 420 m3/h,
an air speed of 2.3 m/s at the outlet of the supply channel, and an air temperature of 7 ◦C.
The air ducts were located at a distance of 4 m from the floor (1 m above the GIH). The
supply air temperature was kept constant by the operation of the electric air heater. Twelve
chromel-alumel-type thermocouples with protection from re-radiation and an insulating
coating of PFA fluoropolymer (junction thickness 0.08 mm) were used for temperature
measurements. These thermocouples were placed in the local working area at various
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points in the zone of the GIH influence. The absolute error in temperature measurement
was ±0.2 ◦C. Changes in CO2 concentrations in the room and the local working area
were recorded by three infrared (NDIR) CO2 concentration-measurement sensors with a
measurement range from 400 to 5000 ppm and an absolute measurement error of ±50 ppm.
All the experiments under fixed conditions were carried out at least three times to ensure
the possibility of estimating random errors. The standard deviations and corresponding
coefficients of variation were calculated. The values of the latter for all experiments did not
exceed 4%.

Figure 2. Scheme of the experimental box: 1—GIH; 2—horizontal panel (equipment model); 3—high-
speed video camera; 4—laser; 5—system of mirrors for converting the laser beam; 6, 7—openings
of the supply and exhaust ventilation system channels; 8, 9—sensors of temperature and CO2

concentrations, respectively.

Figure 3 presents the main results obtained during the experimental studies.
The experiments have shown that when the surface of the panel is heated, the speed

of the air above it increases and the main movement of air masses is directed upward
(Figure 3a,b). This is because an increase in the temperature of the panel surface and,
accordingly, the air around it (Figure 3c), leads to an increase in thermogravitational
forces and air movement velocity and determines its direction (Figure 3a,b). The CO2
concentration also increases both in the upper part of the room, where the combustion
products of natural gas rise, and in the local working area (Figure 3c). This effect is most
likely associated with the formation of a large-scale vortex in the room, which is formed
during the joint operation of the GIH and the supply and exhaust ventilation system.

Figure 4 shows the distribution of temperatures at the height of the room on the axis
of symmetry of the GIH influence zone and CO2 concentrations in the local working area,
established experimentally and numerically.

The deviation of the values of temperatures and CO2 concentrations obtained dur-
ing the modeling and experiments (Figure 4) does not exceed 10%. Therefore, it can be
concluded that the created mathematical model is applicable for the further research and as-
sessment of the influence of various parameters of the air-exchange system on the structure
of air movement and distribution of heat and carbon dioxide in the room.
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Figure 3. Fields of air movement vectors and speeds (a) above the surface of the equipment, speed
profile (b) at the height from the horizontal surface of the equipment in the central section, as well as
changes in air temperature (c) and CO2 concentration (d) in time at points z = 0.79 m (local working
area) and 3.6 m (upper area in the room at a distance of 0.8 m from the ceiling), y = 6.71 m; x = 3.5 m
after 60 min of GIH operation.

Figure 4. Distributions of experimental and theoretical values of air temperatures along the Y
coordinate on the axis of symmetry GIH influence zone (a) and CO2 concentrations in the local
working area (z = 0.79 m, y = 6.71 m; x = 3.5 m) after 60 min of GIH operation (b).

3. Results

A premises with dimensions of 5 × 4.4 × 11 m was selected for modelling. This
premises corresponded to the real one, where experimental studies had been previously car-
ried out [28]. Within the framework of the two-dimensional approximation, a rectangular
area with dimensions Lx = 5 × Ly = 4.4 m, bounded by the floor, walls, and ceiling (enclosing
structures, Table 2) was considered. The wall thickness was Lwall = 0.1 m. Two horizon-
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tal structural elements (Figure 1) corresponded to the GIH (dimensions LxGIE = 0.4 m,
LyGIE = 0.05 m) and the equipment element—a horizontal panel (dimensions Lxtb = 0.6 m,
Lytb = 0.04 m).

Table 2. Thermophysical properties of building envelope materials and panels used in experi-
ments [26,29].

Object
l,
m

Material
ρ,

kg m−3
c,

J kg−1 K−1
λ,

W K−1 m−1 ε

Floor, ceiling and walls 0.1 concrete 2500 840 1.55 0.95

Horizontal panel 0.02 pine 520 2300 0.15 0.4

The gas infrared heater had a power of QVGIH = 5 kW. Propane (C3H8) with a calorific
value Q f uel = 93, 370 kJ/m3 was used as the working gas [26,29]. The CO2 mass flow in
this case was 3.1547 × 10−5 kg/s.

The value of 7 ◦C was taken as the initial temperature of all analyzed areas. The
temperature of the incoming air from the air-exchange system was also 7 ◦C. The mass
flow rate of the inlet part of the air-exchange system vent was varied in a range from 0.02
to 2 kg/s (9.09 × 10−5 to 9.09 × 10−3 kg/(s × m3)).

The parameters from the COMSOL Multiphysics Materials Library were used as initial
values for the air thermal properties. The main thermophysical parameters of the enclosing
structures and the horizontal panel are presented in Table 2.

Previous studies showed that within 40–60 min from the start of a complex process
of the mutual influence of thermogravitational and forced convection, caused by the GIH
and air-exchange system operation, respectively, a stationary hydrodynamic picture of
the air masses movement and the corresponding temperature field can be mainly estab-
lished [1,28]. As the value of the average temperature over the volume of the premises
is reached, the sufficiently intense changes in velocity and temperature ends. The aver-
age temperature over the volume corresponds to approximately 87% of the maximum
value of the average temperature over the volume [28], which characterizes the stationary
distribution of temperature fields. In this case, the representative fields of velocities and
temperatures topologically and practically cease to change with time. Only the magni-
tudes of the maximum and minimum values change insignificantly. Therefore, the results
of calculating the characteristics of processes by the time of 60 min are presented and
analyzed below.

The fields of velocities, temperatures and mass concentrations of CO2, as well as their
distributions at the height of two vertical sections with coordinates x = 0.8 m (20 cm to the
left of the panel) and x = 2.4 m (to the right of the panel 20 cm) in the possible working
areas, are presented in Figures 5–14. In Figure 5, Figure 7, Figure 9, Figure 11 two white
squares are the input and output areas of the air exchange system and the single rectangle is
the radiator area (Figure 1). These areas are excluded from the simulation, and accordingly,
they are white in the figures (there are no values for them, and in the color palette it is
white color).

According to the standards, comfortable conditions are characterized not only by the
temperature values but also by minimum temperature differences in height from the floor
level to the upper limit of the local working area [10–13,30].

The flow pattern formed at the flow rate of blown air of 0.02 kg/s (9.09 × 10−5 kg/(s × m3))
(Figure 5) is a consequence of air movement due to the air-exchange system operation and
thermogravitational convection.

The results of numerical analysis (Figure 5) show that the cold air from the air inlet
duct of the air-exchange system deviates from the horizontal path downwards. When
flowing into the GIH, it is divided into two parts. Most of it deflects the upward flow of
hot combustion products to the right towards the outlet duct. Some of these products,
mixed with air from the air-exchange system and cooled near the right wall, move down.
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Then, meeting with more heated surfaces of the floor and the horizontal panel surface, they
form an upward flow. The second part of the air from the inlet part of the air-exchange
system goes around the GIH from below. In the opposite direction, an upward flow moves
from a heated horizontal surface of a panel that simulates the equipment. The interaction
of these flows forms three main recirculation zones in the central area along the height
of the premises. The currents flow clockwise on the left and right near the walls and
counterclockwise in the central part. As a result, carbon dioxide accumulates in the ceiling
area (mostly to the right of the GIH), then spreads, and, together with downward flows,
falls down. At the same time, the asymmetry of the horizontal panel location and the
ascending flows formed from it prevent the left flow with CO2 from reaching the floor.
On the right, the flow of CO2 reaches the floor and gradually increases the degree of air
pollution in the lower right corner of the region. Figure 6 shows the temperature and CO2
concentration profiles in local work areas to the left and right of the equipment model.

Figure 5. Fields of temperatures (a), air velocities (b) and CO2 concentrations (c), formed by the
60th minute of the GIH operation at an airflow rate of 0.02 kg/s (9.09 × 10−5 kg/(s × m3)).

An increase in airflow up to 0.04 kg/s (18.2 × 10−5 kg/(s × m3)) changes the ratio
between the effect of forced and thermogravitational convection (Figure 7). In this case, the
air moves almost horizontally from the inlet to the outlet duct, and the air ascending from
the horizontal panel reaches the air inlet duct of the air-exchange system. Two recirculation
zones are formed in the area central to the height of the premises. Their formation is mainly
influenced by the descending flows of air cooled by the walls and the ascending warm
flow from the horizontal panel. Such a flow distribution increases the temperature and
concentration of CO2 in the central and left areas of the premises. As a result, it affects the
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distribution of the temperatures and concentrations of CO2 at the height in the working
area to the left and right of the horizontal panel (Figure 8).

Figure 6. Temperature profiles (a) and CO2 concentration (b) formed by the 60th minute of the GIH
operation at an airflow rate of 0.02 kg/s (9.09 × 10−5 kg/(s × m3)). II–IV—indoor air quality class
(Table 1).

Figure 7. Fields of temperatures (a), air velocities (b) and CO2 concentrations (c), formed by the
60th minute of the GIH operation at an airflow rate of 0.04 kg/s (18.2 × 10−5 kg/(s × m3)).
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At the same time, the air temperature in the local area to the right of the table rises to
14 ◦C (3 degrees (27%), compared with Gvent = 0.02 kg/s (9.09 × 10−5 kg/(s × m3)). The
CO2 concentration also increases up to 870 ppm but does not exceed the acceptable value.

A further increase in the flow rate of the injected air up to 0.07 kg/s (31.8 × 10−5 kg/(s × m3))
contributes to a significant increase in the recirculation flow intensity (Figure 9). This flow
accumulates warm air in the central area of the premises and leads to an increase in
temperature and carbon dioxide concentration in this part of the premises.

Figure 8. Temperature profiles (a) and CO2 concentration (b) formed by the 60th minute of the GIH
operation at an airflow rate of 0.04 kg/s (13.6 × 10−5 kg/(s × m3)). II–IV—indoor air quality class
(Table 1).

Figure 9. Fields of temperatures (a), air velocities (b) and CO2 concentrations (c), formed by the
60th minute of the GIH operation at an airflow rate of 0.07 kg/s (31.8 × 10−5 kg/(s × m3)).
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An analysis of the obtained results shows that a significant increase in the arrival of
a cold flow forms a pronounced recirculation flow along the enclosed structures, which
forms relatively narrow near-wall areas near the latter. Warm air from the GIH and the
horizontal panel accumulates in the peripheral part of the recirculation flow and gradually
fills its central part with an increase in the discharge flow rate. It should be noted that,
despite a sufficiently significant increase in air temperatures, air pollution in the working
areas remains below the permissible values.

The results of the numerical simulation also show that the distribution of air heated
from the GIH surface to the upper enclosing structure is hindered by a more intense flow
of cold air from the air-exchange system, which moves almost horizontally to the middle of
the study area.

In the section X > 3 m, the velocity of the airflow blown into the premises slows down
(Figure 9b) to 0.1 m/s. The colder air from the inlet of the air-exchange system pushes
down the heated layers of air (Figure 9a). As a result, warm air moves towards the right
building envelope below the outlet of the air-exchange system.

As a result, with an increase in airflow up to 0.07 kg/s (31.8 × 10−5 kg/(s × m3)),
the air temperature in the central part of the premises rises, although the injected air has
a significantly lower temperature than that in the working areas (Figure 10). But as a
consequence of such a circulation flow, CO2 also enters the local working area along with
the air heated from the GIH. The gas concentration increases to the right of the panel from
850 ppm to 1200 ppm (higher than the allowable one) (Figures 8b and 10b).

Figure 10. Temperature profiles (a) and CO2 concentration (b) formed by the 60th minute of the
GIH operation at an airflow rate of 0.07 kg/s (31.8·10−5 kg/(s·m3)). II–IV—indoor air quality class
(Table 1).

The subsequent increase in the air circulation ratio (40.9 × 10−5 kg/(s × m3)) leads to
the division of the solution area into two main circulation zones (Figure 11), located almost
horizontally relative to each other.

The first zone is formed above the GIH. The blown air from the air-exchange system
flows at a sufficiently high speed to the outlet area, practically without interacting with
the air in the central part of the room. The second circulation zone is located below the
inlet and outlet ventilation holes (Figure 11b). The air heated from the GIH case circulates
in the lower part of the premises. The distribution of temperatures (Figure 12a) and
concentrations (Figure 12b) in the local working area increases.
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Figure 11. Fields of temperatures (a), air velocities (b) and CO2 concentration (c), formed by the
60th minute of the GIH operation at an airflow rate of 0.09 kg/s (40.9 × 10−5 kg/(s × m3)).

Figure 12. Temperature profiles (a) and CO2 concentration (b) formed by the 60th minute of the GIH
operation at an airflow rate of 0.09 kg/s (40.9 × 10−5 kg/(s × m3)). II–IV—indoor air quality class
(Table 1).

Figure 13 shows changes in the CO2 average concentration in the premises volume,
depending on the flow rate of the air-exchange system. The results were obtained on
the basis of solving balance Equations (13) and (14) (used in the calculation methods of
ventilation systems [5–8]).
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An analysis of the results showed that for fairly typical premises with a working GIH
and an air-exchange system, the standard concentrations for CO2 content in the air (no
more than 1000 ppm) are achieved at an airflow rate in the air-exchange system of at least
0.31 kg/s (Figure 13a). However, the excess of the limiting concentration of CO2 in the
premises volume is reached after 20–30 min at lower airflow rates.

Figure 13. Dependence of the average CO2 concentration over the volume of the premises on the
airflow in the air-exchange system (a) at τ = 160 min and its change in time (b) at airflow rates in
the air-exchange system: 1—0.02 kg/s, 2—0.03 kg/s c, 3—0.04 kg/s, 4—0.05 kg/s, 5—0.08 kg/s,
6—0.1 kg/s, 7—0.2 kg/s, 8—0.3 kg/s.

At the same time, the simulation results (Figures 5–11) show that intensive air mixing
in the room does not occur during the joint operation of the gas infrared heater and the
air-exchange system (the main assumption in calculations using balance models). Zones
with significantly different CO2 concentrations are formed. Heated and carbon dioxide-
polluted air is mainly located in the upper part of the premises. The CO2 concentration
values remain within acceptable limits in the local working areas. It can be concluded that
when forming the thermal conditions in the local working area using a GIH, it is possible
to maintain the standard conditions for CO2 concentration with a lower consumption of air
from the air-exchange system. This is especially true if the formation of a thermal area is
required for a short time (from 30 min to 1.5 h). For example, according to the results of
numerical simulation (Figure 14), with an airflow rate of 0.04 kg/s, a worker can stay in the
local working area for quite a long time (about 120 min). However, according to balance
models calculations, this time is 20 min and below (six times less) (Figure 13b).

A significant increase in airflow in the air-exchange system leads to an intensification
of the air mass movement (mixing). In this case, both the temperature and the CO2
concentration in the local working areas increase. For the range of airflow rates from
0.05 to 0.6 kg/s, CO2 concentrations are above the critical level (from 1000 to 2000 ppm)
(Figure 12). With a further increase in airflow in the air-exchange system to 0.1 kg/s, the
temperature and CO2 concentration in the local working area increase to the maximum
(17 ◦C, 2000 ppm) (Figure 15). In the central part of the premises, an extensive circulation
vortex is formed, into which combustion products from the GIH enter, but a further increase
in the consumption of the air-exchange system leads to a decrease in both temperature (to
11–13 ◦C) and CO2 concentration (tends to the initial—400 ppm) in local working areas
(Figure 12b). This circumstance is a consequence of the increasing excess of the mass of
incoming air over the flow of hot combustion products coming from the gas infrared heater.

70



Energies 2024, 17, 155

Figure 14. Dependence on time of the average value of CO2 concentration at heights from 0 to
2 m in the working areas with a flow rate of ventilated air of 0.04 kg/s (18.2 × 10−5 kg/(s × m3)).
I–IV—indoor air quality class (Table 1).

Figure 15. Dependence of the height-average air temperature (a) and CO2 concentration (b) in local
working areas to the left (x = 0.8 m) and to the right (x = 2.4 m) of the table by 20 cm from the airflow
after 60 min of GIH operation.

The analysis of the numerical simulation results also showed that the necessary airflow
rate from the air-exchange system to create regulated conditions for CO2 concentration in
the air (less than 1000 ppm) lies in the ranges from 0.02 to 0.04 kg/s and from 0.6 kg/s
(Figure 15). The calculated air consumption according to the method based on balance
models is 0.31 kg/s (outside this range).

4. Conclusions

A theoretical analysis of the effect of air-exchange system operation on the thermal
conditions and carbon dioxide concentration of a local working area when using a light-
type GIH was carried out. The numerical study of the processes was carried out using the
COMSOL Multiphysics environment. Using the k-ε model made it possible to take into
account the influence of turbulent flow. Changing the turbulence model from within the
simulation environment range and its intensity parameters did not significantly affect the
temperature and concentration fields in a larger volume of the room. This is due to the fact
that the turbulence generation was localized in extremely limited volumes, positioned in
the zone of forced air inflow from the air-exchange system and above the GIH. Such a case
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can be well described by the k-ε turbulence model. It was established that two zones with
quite significantly different CO2 concentrations and air temperatures are formed during
GIH operation. The airflow in the air-exchange system significantly affects the formation
of such zones in the room. At low airflow rates up to 0.04 kg/s (18.2 × 10−5 kg/(s × m3)),
a zone of air heated and highly concentrated by carbon dioxide is formed in the upper part
of the room. It was found that with an airflow rate of 0.04 kg/s (13.6 × 10−5 kg/(s × m3)),
it is possible to direct some of the heated air to the local working area, increasing the air
temperature by 27% without the CO2 concentration exceeding the regulated value (less
than 1000 ppm).
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Abstract: As a major component of the building envelope, the energy-saving design of exterior
windows is key to energy savings in office buildings. The conventional design of exterior windows
mainly focused on their impact on heating and cooling energy but ignored the indoor thermal
comfort problems caused by the direct solar radiation transmitted by windows and the fluctuation of
their internal surface temperatures. This study analyzed the influence of exterior windows on the
indoor thermal environment of office buildings by carrying out field experiments. The experiments
were carried out in a typical office building in Xi’an during December and January. The impact of
exterior windows on human thermal comfort was studied from two perspectives: longwave radiation
from the surface of window glass and solar shortwave radiation. It was found that solar radiation
was the main cause of temperature fluctuations on the internal surface of windows and created
non-uniform thermal environments. The mean radiant temperature fluctuations in the near-window
area could reach up to 7.8 ◦C due to outdoor solar radiation in winter. Solar radiation transmitted by
windows directly affects thermal sensations. Since conventional thermal comfort models or indices
underestimated the thermal sensations of occupants in the presence of solar radiation, the additional
thermal loads caused by solar radiation needed to be taken into account. The allowable operative
temperature range for maintaining thermal comfort should be reduced by 0.5 ◦C when occupants are
exposed to solar radiation.

Keywords: thermal comfort; solar radiation; windows; office building

1. Introduction

With economic development and accelerated urbanization, building energy consump-
tion in China has increased rapidly during the past few decades. According to the report
published by THUBERC, the current energy consumption of buildings in China has reached
1.06 billion tons of standard coal, accounting for 21% of the country’s total energy con-
sumption. The energy consumption of office buildings, which accounts for 14% of the
total building energy consumption, was one of the main reasons for the rapid increase
in building energy consumption in recent years [1]. Thus, the energy-saving design of
office buildings has become a matter of urgent concern. Unlike residential buildings, office
buildings have a higher proportion of window area in the envelope. The impact of exterior
windows on the energy consumption of office buildings is reflected in three aspects: illumi-
nation, heating, and air conditioning. In recent years, the exterior window area of office
buildings has become larger, owing to various demands such as aesthetics, lighting, and
psychology [2,3]. The increase in window area is beneficial for lighting energy consumption
reduction, but it can lead to a significant increase in heating and air conditioning energy
consumption [4,5].
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The conventional energy-saving design for office building exterior windows mainly
aims to reduce heat conduction by reducing the thermal conductivity of windows and
to maintain the indoor air temperature within a comfortable range for the human body
by reducing the energy consumption of heating and air conditioning [6–8]. However,
approximately 50% of the body’s heat is exchanged with indoor surroundings in the form
of radiation, in which exterior windows play an important part and may affect indoor
thermal comfort [9]. The conventional energy-saving design of exterior windows focuses
on their impact on indoor air temperature but ignores the indoor thermal comfort problems
caused by the solar radiation transmitted by windows and the fluctuation in their interior
surface temperatures [10–12].

Owing to differences in the thermophysical properties of materials, the internal surface
temperature of windows is prone to large fluctuations. According to a survey conducted by
Ge and Fazio in Montreal, the interior surface temperature of exterior windows was only
10 ◦C and 3.8 ◦C when outdoor temperatures were −18 ◦C and −32 ◦C, respectively [13].
Changes in the interior surface temperature of windows can have an impact on the indoor
radiant temperature and thermal comfort by longwave radiation. Gan found that the
asymmetric radiation temperature 1 m from a window exceeded 10 ◦C when the outdoor
air temperature was −4 ◦C and the indoor air temperature was 21 ◦C [14]. Chaiyapinunt’s
study of the indoor thermal environment of office buildings in Bangkok found that an
increase in the interior surface temperature of windows can trigger an increase in the PPD
value of the neighboring area, which in turn increases the risk of indoor overheating [15].
The numerical simulation analysis by Sengupta and Chapman found that only 7% of the
room area in rooms with a window-to-wall ratio of 40% can meet the needs of thermal
comfort in summer with solar radiation [16,17]. Too high or too low the surface tempera-
ture of the window can cause thermal discomfort and increase the operating time of air
conditioners and other equipment, resulting in an increase in building energy consumption.

Shortwave radiation aroused by solar radiation through exterior windows is another
important factor that triggers indoor thermal discomfort. The research by Zhao showed
that the mean radiant temperature will increase by 4 ◦C when the solar radiation through
exterior windows achieves 750 W/m2 during the summer [18]. Chaiyapinunt indicated
that the thermal discomfort caused by solar radiation through windows did not depend on
the distance between the person and the window but on the magnitude and direction of
solar radiation [19]. Arens found that when a person sitting near a window was exposed to
direct solar radiation, the heat load acting on his or her body was equivalent to an increase
in the average radiation temperature of the environment by 11 ◦C [20]. Through actual
testing, Schutrum [21] figured out that on a cloudy day, the overall thermal sensation of the
human body increased by 1.1 units when the window temperature increased from 3 ◦C to
48 ◦C. When sunlight directly struck the human body on a sunny day, the window temper-
ature rose to 31.7 ◦C, and the overall thermal sensation of the human body increased by
2.5 units. The study by Lyons [22] further confirmed that the longwave radiation between a
person and a window had the greatest impact on human thermal sensation when there was
no sunlight exposure. However, when there was sunlight exposure, solar radiation became
the dominant factor. Solar shortwave radiation transmission not only has an impact on
the thermal comfort of the human body in the direct sunlight zone but also has a direct
impact on the thermal uniformity of an entire room. Through numerical simulation anal-
ysis, Sengupta [17] found that exterior windows can lead to significant inhomogeneities
in indoor thermal comfort distribution. Moreover, the heating or cooling system of an
entire room cannot eliminate or improve the uneven distribution of thermal comfort. A
study by Bessoudo and Tzempelikos et al. found that the internal surface temperatures of
exterior windows rapidly increased and triggered asymmetric indoor radiation tempera-
tures of up to 15 ◦C due to solar radiation [23,24]. Solar radiation transmitted by exterior
windows will further exacerbate the inhomogeneity of the indoor thermal environment
and indoor thermal discomfort and increase the intensity and duration of the use of indoor
air conditioning systems, thus increasing the energy consumption of a building.
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As a key component of the office building envelope, determining an appropriate
thermal performance of windows, such as U-value and SHGC, would significantly reduce
building energy consumption and improve indoor thermal comfort. Although the impact
of exterior windows on indoor human thermal comfort has gradually attracted attention,
the existing standards and specifications still use conventional human thermal comfort laws
to guide indoor thermal environment design [25–27], which may limit the enhancement of
energy-saving performance of exterior windows in office buildings and the improvement
of indoor thermal environment. Established studies are mostly focused on theoretical
analysis and lack on-site experimental research on occupants, particularly the thermal
effect of solar radiation on occupants. Therefore, the aim of this study was to conduct
on-site experiments to quantitatively analyze the impact of exterior windows on the indoor
thermal environment of office buildings. The effect of exterior windows on human thermal
comfort is studied from the perspectives of longwave radiation caused by the fluctuation
in interior surface temperatures of windows and solar shortwave radiation caused by the
direct solar radiation transmitted by windows to provide guidance and support for the
energy-saving design of exterior windows in office buildings.

2. Method

To study the effect of exterior windows on the indoor thermal environment and
thermal comfort, experiments were carried out in a typical office building during December
and January. The experiments included two parts: (a) a questionnaire survey; and (b) a
thermal environment test.

2.1. Experimental Site

The experimental site is located in a south-facing room of a typical office building in
Xi’an, Shaanxi Province, China. Xi’an has a temperate climate influenced by the East Asian
monsoon, classified under the building thermal climate zones as situated in the cold zone
(CZ) [28]. The general climate of Xi’an is characterized by cold, dry winters, hot, humid
summers, and dry springs and autumns. The most intense direct solar radiation occurs in
winter as the dry air tends to overheat in rooms with heating systems and large exterior
windows.

The experimental chamber plan is shown in Figure 1. The total area of the chamber
was 63 m2 with a height of 2.7 m. There are three large windows on the south wall with
window areas of 5.46 m2, 6.3 m2, and 6.3 m2. These windows consist of aluminum frames
and double-layer glass. The window-to-wall ratio of the south wall was approximately
82%. The exterior windows were unobstructed outside. The north wall was a gypsum
board partition wall, and a bookshelf on the west side of the room was backed by a gypsum
partition wall. The lighting load of the chamber was 8.6 W/m2, and half of the lighting
was switched on during the experiment. The heating system was set at 20 ◦C during the
experiments.

2.2. Questionnaire Survey

A questionnaire survey is an effective method for investigating the impact of the
thermal environment on subjective thermal sensations. The questionnaire consisted of two
parts: (a) basic information of personal factors, including participant’s age, activity status,
and clothing; and (b) subjective thermal sensation, thermal comfort. According to ASHRAE
Standard-55 [29], the thermal sensation scale is a symmetrical and bipolar seven-point scale.
The seven-point scale is perfectly sufficient for general indoor thermal environment studies.
However, it may not be accurate for environments containing strong solar radiation heat
sources. Therefore, a nine-point scale was used in the questionnaire design, as shown in
Figure 2a [30]. The acceptable scale in the questionnaire to count occupants’ satisfaction
and dissatisfaction is shown in Figure 2b.
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Figure 1. Experimental chamber plan and the arrangement of furniture and equipment.

(a) 

(b) 

Figure 2. The thermal sensation scale and acceptable scale applied in the questionnaire survey.
(a) Nine-point thermal sensation scale in the questionnaire. (b) Acceptable scale in the questionnaire.

Subjects reported their clothing levels at the time of completing the questionnaire
by means of a clothing checklist in the questionnaire. The values of clothing insulation
were quantified in units of clo based on the evaluation standard for the indoor thermal
environment in civil buildings (GB/T 50785) [27]. The added insulation when sitting on
the chair was estimated to be 0.1 clo according to the GB/T 50785.

2.3. Subject Characteristics

A total of 33 subjects participated in the whole experiment, including 16 males and
17 females. The BMI index of the subjects was mainly concentrated between 21 and 24,
which is in line with the characteristics of the general population in an office environment.
The general information on these subjects can be found in Table 1. The metabolic rate was
determined by the activity type of the occupant and estimated to be 1.2 met in this study,
which corresponds to office activities and seated according to GB/T 50785.

2.4. Measurement Points

The purpose of the test was to observe the direct solar radiation transmitted through
the exterior windows and the variation in mean radiant temperature. The test was divided
into two parts: indoor and outdoor. Indoor test items included air temperature, relative
humidity, air velocity, solar radiation, and internal surface temperature of the envelope.
Outdoor test items included total solar radiation, diffuse solar radiation, total solar radiation
in south vertical planes, and air temperature. The arrangement of indoor equipment is
shown in Figure 3. The height of equipment for air temperature, relative humidity, and air
velocity was 0.6 m from the ground level. The main equipment used for testing is shown in
Table 2.
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Table 1. Personal factors of the subjects in the survey.

Items Male Female Total

Clothes (clo)

Max 1.12 1.14 1.14
Min 0.79 0.78 0.78

Mean 0.94 0.96 0.95
SD 0.11 0.13 0.12

Age

Max 38 36 38
Min 23 21 21

Mean 26.2 25.6 25.9
SD 3.67 4.15 3.82

Metabolic rate (met) 1.2

 

Figure 3. The defined calculation sites of mean radiant temperature and the measuring point of air
temperature in the experimental chamber.

Table 2. Equipment used in on-site experimental research.

Instrument Variables Range and Accuracy

HD 32.3
(Delta OHM, Veneto, Italy)

Air temperature −40~100 ◦C (1/3 DIN)
Relative humidity 0~100% (±1.5%)

Air velocity 0 ∼ 5 m/s (±0.2 m/s)

UX120-014M with the thermocouple wire
of type K

(Onset, Cape Cod, MA, America)
Surface temperature of envelope −20~70 ◦C (±0.7 ◦C)

H21-USB
(Onset, Cape Cod, MA, America) Air temperature −40~75 ◦C (1/3 DIN)

Delta LP PYRA
(Delta OHM, Veneto, Italy)

Solar irradiance of outdoor and indoor
environment

0~2000 W/m2

spectrum from 305 nm to 2800 nm

2.5. Experimental Procedure

The seat for each subject was randomized during the experiment, and up to ten
subjects could be accommodated in a single experiment due to chamber seating limitations.
To eliminate the impact of previous thermal experiences, the subjects were asked to sit in
an adjacent room with the same thermal environment as the experimental chamber for
30 min before the experiment to fully adapt to the current thermal environment. During the
experiment, subjects remained seated and filled out the questionnaire at 30 min intervals.
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2.6. Data Processing Method
2.6.1. Mean Radiant Temperature

Radiant heat transfer is the primary means by which external windows affect human
thermal comfort. According to the radiation wavelength, the radiant heat transfer can be
classified as longwave or shortwave. Longwave radiant heat transfer is the result of the
temperature of the internal surface of an exterior window, while shortwave radiant heat
transfer is the result of transmitted solar radiation.

In previous studies on human thermal comfort, the mean radiant temperature (Tr−long)
has usually been used to measure the longwave radiant heat transfer of an entire enclosed
space to the human body under the action of longwave radiation alone [31]. In this study,
the mean radiant temperature was calculated from the test surface temperatures of each
envelope according to the following equation:

T4
r−long = T4

1 Fp−1 + T4
2 Fp−2 + · · ·+ T4

i Fs−i, (1)

The Fs−i can be calculated according to the method used in [31]. The effect of a
temperature change on the internal surface of an exterior window on thermal comfort is
mainly reflected in the change of Ti in Equation (1).

2.6.2. Solar-Adjusted Mean Radiant Temperature

The thermal effect of solar radiation on occupants is an additional heat load applied to
the human body. In recent years, many scholars have proposed a variety of calculation mod-
els from different perspectives [32–37]. There are three main categories: (a) converting the
transmitted solar radiation into the mean indoor radiant temperature increment [15,32–36],
(b) directly substituting the transmitted solar radiation into the PMV calculation as the
additional heat load on the human body [12,37], and (c) converting the transmitted solar
radiation into an indoor air-temperature increment [38]. Based on the mechanism of the
thermal effect of solar shortwave radiation on the human body, it is more reasonable to
convert the transmitted solar radiation into a mean indoor radiant temperature increment.
Therefore, this study calculated the thermal effect of solar shortwave radiation on the
human body as an equivalent increase in the mean radiant temperature. The corrected
mean radiant temperature Tsmrt was written as [33]:

Tsmrt =
4

√
∑N

i=1Fs→iT4
i +

1
εSσ

(
αirr∑M

j=1Fs→j Idj + αirr fp Ib

)
(2)

The αirr was taken as 0.67 in this study.

2.6.3. Data Analysis

The operative temperature is primarily used to measure the indoor thermal environ-
mental conditions for accessing thermal comfort. The operative temperature in this study
was calculated based on the following equation [31]:

To =
hcta + hrTr

hc + hr
(3)

In this study, there were two values for Tr. When Tr was the mean radiant tem-
perature, the calculated value was the operative temperature. When Tr was the solar-
adjusted mean radiant temperature, the calculated value was the solar-adjusted operative
temperature (Tso).
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The Pearson correlation coefficient was used to test the degree of linear correlation
between the two sets of data and was calculated as:

r =
∑n

i=1

(
Xi − X

)(
Yi − Y

)
√

∑n
i=1

(
Xi − X

)2
√

∑n
i=1

(
Yi − Y

)2
, (4)

3. Result Analysis

3.1. Environmental Test Results

As glass facades have an effect on solar radiation, there may be some differences
in air temperatures at different locations. Table 3 compares the air temperatures of each
measuring point shown in Figure 3. It can be found that the magnitude of air temperature
fluctuations decreased with the increasing distance from the windows. Measuring points
near the windows had higher average temperatures than those away from the windows,
although the difference was small. Therefore, the following operative temperatures and
PMV values of each subject were calculated according to the data measured by the nearest
measuring point.

Table 3. Summary of indoor air temperatures.

Variables T1 (◦C) T2 (◦C) T3 (◦C) T4 (◦C) T5 (◦C) T6 (◦C)

Max. 27.1 27.4 27.6 26.9 26.1 25.9
Min. 17.2 17.5 17.3 16.9 18.9 18.5
Mean 22.9 23.0 23.1 22.7 21.9 21.6

Median 22.3 22.6 22.4 22.1 22.0 21.7
SD 1.85 1.87 1.92 1.82 1.73 1.69

The indoor thermal environment test results for three consecutive days were analyzed,
including three different outdoor working conditions: sunny, cloudy, and overcast. Day 1
was overcast, Day 2 was sunny, and Day 3 was cloudy. The analysis included the dynamic
trends of the internal surface temperature of the window, the indoor air temperature, and
the mean radiant temperature at different locations in the room. The results are shown in
Figure 4, and the defined calculation sites of mean radiant temperature in the tested room
are shown in Figure 3.

As shown in Figure 4a, the outdoor solar radiation had a significant disturbance effect
on the indoor thermal environment. The fluctuation amplitude of the indoor thermal
environment was directly related to the outdoor solar radiation intensity during the same
period. The most significant impact of outdoor solar radiation was on the temperature
of the interior surface of the window glass. As the intensity of outdoor solar radiation
increased, the temperature of the interior surface of the window increased rapidly up to
34.6 ◦C and had large temperature fluctuation. The test results of Day 2 showed that the
fluctuation amplitude of the surface temperature of the window glass could reach 25.2 ◦C
between 8:00 and 19:00. Fluctuations in the surface temperature of the window glass had
a direct impact on the indoor air temperature and mean radiant temperature. According
to Section 2.6.1, an increase in the surface temperature of the window glass can directly
trigger an increase in the mean indoor radiant temperature. Figure 4a shows that on a clear
winter day, the impact of outdoor solar radiation caused the fluctuation amplitude of the
mean indoor radiation temperature near the window to reach 7.8 ◦C. A comparison of the
analysis results under different outdoor environments shows that the higher the outdoor
solar radiation intensity, the more fluctuations in the indoor thermal environment.
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(a) 

(b) 

(c) 

Figure 4. Indoor thermal environment test results. (a) Comprehensive analysis result. (b) Com-
parative analysis result of positions in the direction of room openings. (c) Comparative analysis of
positions in the direction of room depth.
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As demonstrated by the variation of the mean radiant temperature at different loca-
tions in the room in Figure 4b,c, a significant difference in the mean radiant temperature
from the window existed at different locations. The maximum difference in average radia-
tion temperature between Points 2 and 5 was 1.1 ◦C. Throughout the day, the fluctuation
amplitude of the mean radiant temperature gradually weakened as the distance from
the window increased. The fluctuation amplitudes of the mean radiant temperature at
Points 2, 5, and 6 were 7.8 ◦C, 6.2 ◦C, and 5.8 ◦C, respectively. Figure 4b shows that at
the same distance from the window, the mean radiant temperature in the central area of
the room was more significantly affected by the surface temperature of the window than
that in the areas on both sides. This was due to the larger visual coefficient between the
central area and the window compared to other positions. This also indicates that for office
buildings with large windows, the central area of a window is the most unfavorable area
for the indoor thermal environment. As shown in Figure 4c, the mean radiant temperature
generally increased with the distance from the window during Day 1. It was indicated that
the glass surface temperature was mainly influenced by the outdoor air temperature on an
overcast day. The lower glass temperature would lead to a lower mean radiant temperature
in the vicinity of the window.

The analysis results of the indoor thermal environment suggest that the fluctuation
of the window glass surface temperature was the main cause of changes in indoor mean
radiant temperature. Additionally, this effect depended on the outdoor solar radiation
intensity. The scope of the impact of windows on the indoor thermal environment was
limited and concentrated in the near-window region. Reducing the heat-transfer coefficient
of windows as well as the absorption and re-conduction of solar radiation by window glass
was an effective way to weaken the impact of windows on indoor thermal comfort and to
maintain indoor thermal stability. As introduced above, the conventional design of exterior
windows mainly focused on their impact on heating and cooling energy. This study showed
that the occupants’ thermal comfort demands should also be considered in determining
the optimum heat-transfer coefficient for exterior windows in the future. Considering the
non-uniform indoor thermal environment caused by windows, office buildings with large
window areas should be divided into zones for air temperature regulation, or personalized
tools should be used to regulate the human thermal sensation near windows. Moreover,
more and more new technologies and materials, such as smart electrochromic windows,
thermochromic smart windows, and aerogel glazing systems, have been applied to building
windows in recent years [39–41]. The impact of windows on indoor thermal comfort will be
weakened by the excellent capability of solar management for these new window systems.

3.2. Psychological Responses

For the analysis of thermal sensation, the data obtained during the experiment were
analyzed based on the presence or absence of direct sunlight. In Section 3.2.1, the general
thermal sensation of occupants only under longwave radiation caused by temperature
fluctuations on the window’s inner surface is analyzed. Section 3.2.2 compares the trends in
occupant thermal sensations when exposed to direct solar radiation under similar thermal
environmental conditions.

3.2.1. Thermal Comfort without Direct Solar Radiation

As mentioned above, the variation of indoor air and ambient radiation temperatures
of office buildings are the main impacts on indoor thermal comfort. The impact of changes
in the indoor thermal environment on thermal sensation can be analyzed by establishing
the variation trends between subjective thermal sensations and the operative temperatures
over the same period. The distribution of subjective thermal sensation under each operative
temperature is shown in Figure 5.
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Figure 5. The relationship between subjective thermal sensation votes and operative temperatures.

As shown in Figure 5, with the increase in operative temperature, the subjective ther-
mal sensation increased progressively. If the subjective thermal sensation vote (TSV) values
of −1 and 1 were taken as the acceptability limits, the allowable operative temperature
range is 18–25 ◦C. However, the upper limit of 25 ◦C is not credible owing to sample size
limitations. If the comfort range was defined based on the neutral thermal sensation, the
allowable operative temperatures should be within the range of 21–25 ◦C.

Although the thermal sensation vote can reflect the subjective thermal sensation in
an indoor thermal environment, it cannot fully reflect occupants’ satisfaction and comfort
because of differences between individuals’ thermal preferences. Previous studies have
shown a good correlation between overall thermal sensation and thermal comfort in a uni-
form thermal environment, but a certain deviation exists between the two in non-uniform
thermal environments [42]. Therefore, determining whether the indoor thermal environ-
ment induced by windows can meet the thermal comfort needs requires further analysis.

Figure 6 shows the analysis results of the range of thermal comfort thresholds in the
absence of direct sunlight. The subjective percentage of dissatisfaction (PD), determined by
the subjects’ reports of their thermal comfort status, increased as the operative temperature
decreased or increased. An optimal operative temperature range exists that meets thermal
comfort needs. According to the authors of [27], if the 80% acceptability limits were used
as the threshold for the indoor thermal comfortable environment, the allowable operative
temperatures should not be lower than 21.0 ◦C or higher than 25.5 ◦C. In comparison
with previous studies, this temperature range is consistent with the general rule of indoor
thermal comfort in non-direct sunlight environments. This confirms that the changes in
indoor thermal comfort are in line with the general laws of indoor thermal environments
with the longwave radiation of windows alone.

3.2.2. Thermal Comfort under Direct Solar Radiation

The thermal effect of direct solar radiation on the human body is to enable thermal
comfort to move in the direction of partial heat. As long as it is under the influence of solar
radiation, the human body will passively absorb radiation heat. When exposed to direct
sunlight at the same room temperature, the human body may be more prone to overheating.
The experimental data were grouped based on the presence or absence of direct sunlight
and statistically analyzed the subjective thermal sensation differences between the two
groups of occupants at different operative temperatures at 0.5 ◦C intervals, as shown in
Figure 7. The calculated operative temperature was the combined value of environmental
radiant temperature and air temperature from longwave radiation heat alone.
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Figure 6. Threshold of allowable operative temperatures without solar radiation.

 
Figure 7. Comparison of subjective thermal sensations under direct and non-direct sunlight environ-
ments.

At the same operative temperature, a deviation in the thermal sensation existed
between people exposed to direct sunlight and those without direct sunlight. The degree
of deviation increased with an increase in the operative temperature. When exposed to
direct sunlight, the human body is more likely to experience a feeling of overheating. As
shown in the red-dashed area in Figure 7, when the operative temperature was greater
than 24.5 ◦C, the subjective thermal sensation vote values of the two experimental groups
reached an overall deviation of more than 2 units.

In Figure 8, the subjective thermal sensation vote (TSV) was compared with the
predicted mean vote (PMV). It was indicated that the linear correlation between TSV and
PMV was prominent when the occupants were not exposed to solar radiation, while the
linear correlation was significantly weaker when solar radiation landed on the occupants.
These orange data points were clustered in the upper left corner of the chart. It was
suggested that the PMV would underestimate the thermal sensations of subjects exposed
to solar radiation.
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Figure 8. The relationship between subjective thermal sensation vote (TSV) and predicted mean vote
(PMV) under direct and non-direct sunlight environments.

The analysis results of Figures 7 and 8 both indicate that it was no longer appropriate
to use the conventional indoor thermal environment indices to assess thermal sensation
when the human body was exposed to direct sunlight. The operative temperature only
considered the effect of longwave radiation in conventional thermal comfort indices. In
response to this issue, we adopted the SMRT method to modify the conventional operative
temperature and considered the additional heating load on the human body under the
influence of solar radiation as described in Section 2.6.3. The solar-adjusted operative
temperature was linearly refitted with the subjective thermal sensation vote value, which
was compared with the linear fitting results with conventional operative temperatures
shown in Figure 9.

Figure 9. Comparison of subjective thermal sensation polling values and linear regression results of
To and Tso.

The linear correlation between operative temperatures and subjective thermal sen-
sations was 0.496, while the solar-adjusted linear correlation between the two was 0.876.
This suggests that the solar-adjusted operative temperature can better predict the thermal
sensation under the effect of solar radiation. The correlation between the operative tem-
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peratures and thermal sensations showed that the conventional calculation method of the
mean radiant temperature underestimated the thermal sensation with solar radiation.

To further analyze the thermal comfort threshold of occupants under the effect of solar
radiation, the solar-adjusted operative temperature was fitted to the thermal sensation
as shown in Figure 10. If the 80% acceptability limits were used as the threshold for the
indoor thermal comfortable environment, the solar-adjusted operative temperature should
be controlled between 21.0 ◦C and 25.0 ◦C to maintain thermal comfort under the impact
of solar radiation. Compared with Figure 6, the maximum operative temperature that
occupants can withstand under the effect of solar radiation decreased. This suggests that
when occupants are exposed to direct sunlight, lower indoor air temperatures are required
to maintain a state of thermal comfort.

Figure 10. Threshold of allowable operative temperatures with solar radiation.

4. Conclusions

The impact of exterior windows on the indoor thermal environment and thermal
comfort is not only reflected in air temperature but also in the uniformity of environmental
radiant temperature and thermal environment. The study of the impact of exterior windows
on the indoor thermal environment and thermal comfort can help to further improve the
energy-saving design of windows in office buildings. In this study, field experiments were
carried out to analyze the influence of windows on the indoor thermal environment in
office buildings from the perspective of temperature fluctuations on the surface of the
window glass and solar radiation transmission. The following conclusions were obtained:

• Outdoor air temperature and the intensity of outdoor solar radiation have a significant
effect on the temperature change of the internal surface of windows. Changes in the
surface temperature of the window trigger the fluctuation of the mean indoor radiant
temperature and increase the non-uniformity of the indoor thermal environment. On
a clear winter day, the fluctuation in the mean radiant temperature in the indoor
near-window area can reach 7.8 ◦C, owing to the solar radiation;

• When the human body is not directly exposed to sunlight, the thermal comfort changes
follow the general law under the action of longwave radiation from the window alone.
When the human body is exposed to direct sunlight, the conventional indoor thermal
environment evaluation indices underestimate the thermal sensation. The mean
indoor radiant temperature must be corrected and the additional heat load caused by
solar shortwave radiation should be considered;

• When the human body is directly exposed to sunlight, the threshold range of operative
temperature to maintain thermal comfort is reduced. In this study, the maximum
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operative temperature that the human body can withstand decreased by approximately
0.5 ◦C.

Windows play a critical role in building energy consumption and indoor thermal
comfort. The outcomes of this study indicate that the design of exterior windows in
office buildings should also take into account the effect of solar radiation transmission on
thermal comfort, as well as the impact of temperature fluctuations on the window’s inner
surfaces. For the thermal performance of windows, reducing the heat-transfer coefficient
of windows, as well as the absorption and re-conduction of solar radiation by glasses, is
an effective way to weaken the impact of windows on the indoor thermal environment.
Further, the shading devices, including the use of Venetian blinds and sun shields, which
can reduce the transmission of shortwave radiation, can alleviate the occupant’s discomfort.
However, it should be noted that these measures can also lead to an increase in lighting
energy consumption. These measures should balance the demand for thermal comfort and
daylighting.

In terms of the design of air conditioning systems, the indoor air temperature of
office buildings with large windows should be regulated in zones. For example, in the
near-window area, it is necessary to reduce the supply air temperature when solar radiation
reaches the occupants. Air temperature and radiant temperature both are important factors
in the indoor thermal environment. Conventional practice is to control the air conditioning
using temperature sensors that respond only to air temperatures. According to the results
of this study, a sensor that responds to the combination of air and radiant temperatures
may be more appropriate under the circumstances close to exterior windows.

In this study, potential differences between TSV experienced by males and females
did not emerge, limited by the number of participants. This study focused primarily on
the south façade and on the winter months when the solar radiation transmission through
windows is most significant. The design of windows should balance the indoor thermal
environment requirements throughout the year. In future research work, more orientation
conditions should be considered and there is a need to cover different time periods, such as
summer and transitional seasons, in order to provide a more comprehensive guide to the
design of office building windows.
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Nomenclature

CZ Cold zone
HSCWZ Hot summer and cold winter zone
PD The subjective percentage of dissatisfaction
PMV Predicted mean vote
SD Standard deviation
SHGC Solar heat gain coefficient
SMRT Solar-adjusted mean radiant temperature
TSV Subjective thermal sensation vote
U-value The rate of transfer of heat through matter
Fs−i The relative viewing angle between the human body and the ith enclosure
Fs→j The relative viewing angle between the human body and the jth window
Ib The intensity of beam solar radiation, W/m2
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Idj The intensity of diffuse solar radiation of jth window, W/m2

M The number of windows
N The number of enclosure surface
Ti The surface temperature of the ith enclosure relative to the orientation of a human

body, ◦C
To The operative temperature
Tr The mean radiant temperature
Tr−long The mean radiant temperature of longwave radiation, ◦C
Tsmrt The solar-adjusted mean radiant temperature
Tso The solar-adjusted operative temperature
Xi The value of the ith sample in the X dataset
X The mean value of the X dataset
Yi The value of the ith sample in the Y dataset
Y The mean value of the Y dataset
fp Projected area factor
hc The heat − transfer coefficient by convection, W/

(
m2·◦C

)
hr The heat − transfer coefficient by radiation, W/

(
m2·◦C

)
r The Pearson correlation coefficient
ta Air temperature
αirr Relative absorption coefficient referring to the solar radiation
εS Emissivity of the subject
σ Stefan–Boltzmann constant

References

1. Building Energy Efficiency Research Center. Annual Development Research Report of China Building Energy Efficiency; China
Architecture & Building Press: Beijing, China, 2022; pp. 14–30.

2. Lim, Y.W.; Kandar, M.Z.; Ahmad, M.H.; Ossen, D.R.; Abdullah, A.M. Building façade design for daylighting quality in typical
government office building. Build. Environ. 2012, 57, 194–204. [CrossRef]

3. Troup, L.; Phillips, R.; Eckelman, M.J.; Fannon, D. Effect of window-to-wall ratio on measured energy consumption in US office
buildings. Energy Build. 2012, 203, 109434. [CrossRef]

4. Cuce, E.; Riffat, S.B. A state-of-the-art review on innovative glazing technologies. Renew. Sustain. Energy Rev. 2015, 41, 695–714.
[CrossRef]

5. Amaral, A.R.; Rodrigues, E.; Gaspar, A.R.; Gomes, Á. A thermal performance parametric study of window type, orientation, size
and shadowing effect. Sustain. Cities Soc. 2016, 26, 456–465. [CrossRef]

6. Kaasalainen, T.; Mäkinen, A.; Lehtinen, T.; Moisio, M.; Vinha, J. Architectural window design and energy efficiency: Impacts on
heating, cooling and lighting needs in Finnish climates. J. Build. Eng. 2020, 27, 100996. [CrossRef]

7. Kim, S.S.; Bae, M.J.; Kim, Y.D. Policies and status of window design for energy efficient buildings. Procedia Eng. 2016, 146, 155–157.
[CrossRef]

8. Lang, S. Progress in energy-efficiency standards for residential buildings in China. Energy Build. 2004, 36, 1191–1196. [CrossRef]
9. Höppe, P.R. Indoor climate. Experientia 1993, 49, 775–779. [CrossRef]
10. Wang, T.P.; Wang, L.B.; Li, B.Q. A model of the long-wave radiation heat transfer through a glazing. Energy Build. 2013, 59, 50–61.

[CrossRef]
11. Halawa, E.; van Hoof, J.; Soebarto, V. The impacts of the thermal radiation field on thermal comfort, energy consumption and

control—A critical overview. Renew. Sustain. Energy Rev. 2014, 37, 907–918. [CrossRef]
12. Yang, R.; Zhang, H.; You, S.; Zheng, W.; Zheng, X.; Ye, T. Study on the thermal comfort index of solar radiation conditions in

winter. Build. Environ. 2020, 167, 106456. [CrossRef]
13. Ge, H.; Fazio, P. Experimental investigation of cold draft induced by two different types of glazing panels in metal curtain walls.

Build. Environ. 2004, 39, 115–125. [CrossRef]
14. Gan, G. Analysis of mean radiant temperature and thermal comfort. Build. Serv. Eng. Res. Technol. 2001, 22, 95–101. [CrossRef]
15. Chaiyapinunt, S.; Phueakphongsuriya, B.; Mongkornsaksit, K.; Khomporn, N. Performance rating of glass windows and glass

windows with films in aspect of thermal comfort and heat transmission. Energy Build. 2005, 37, 725–738. [CrossRef]
16. Sengupta, J.; Chapman, K.S.; Keshavarz, A. Window performance for human thermal comfort. ASHRAE Trans. 2005, 111, 254–275.
17. Sengupta, J.; Chapman, K.S.; Keshavarz, A. Development of a methodology to quantify the impact of fenestration systems on

human thermal comfort. ASHRAE Trans. 2005, 111, 239–253.
18. Zhao, K.; Gui, X.C.; Ge, J. Influence of solar radiation on thermal comfort in lager spaces and corresponding design of indoor

paeameters. Acta Energiae Solaris Sin. 2019, 40, 2655–2662.

88



Energies 2024, 17, 776

19. Chaiyapinunt, S.; Khamporn, N. Effect of solar radiation on human thermal comfort in a tropical climate. Indoor Built Environ.
2021, 30, 391–410. [CrossRef]

20. Arens, E.; Gonzalez, R.; Berglund, L. Thermal comfort under an extended range of environmental conditions. ASHRAE Trans.
1986, 92, 18–26.

21. Schutrum, L.F.; Stewart, J.L.; Nevins, R.G. A subjective evaluation of effects of solar radiation and reradiation from windows on
the thermal comfort of women. ASHRAE Trans. 1968, 74, 115–128.

22. Lyons, P.; Arates, D.; Huizenga, C. Window performance for human thermal comfort. ASHRAE Trans. 1999, 73, 400–420.
23. Bessoudo, M.; Tzempelikos, A.; Athienitis, A.K.; Zmeureanu, R. Indoor thermal environmental conditions near glazed facades

with shading devices–Part I: Experiments and building thermal model. Build. Environ. 2010, 45, 2506–2516. [CrossRef]
24. Tzempelikos, A.; Bessoudo, M.; Athienitis, A.K.; Zmeureanu, R. Indoor thermal environmental conditions near glazed facades

with shading devices–Part II: Thermal comfort simulation and impact of glazing and shading properties. Build. Environ. 2010, 45,
2517–2525. [CrossRef]

25. GB 50189-2015; Design Standard for Energy Efficiency of Public Buildings. 1st ed. China Architecture & Building Press: Beijing,
China, 2015; pp. 17–18.

26. GB 50736-2012; Design Code for Heating Ventilation and Air Conditioning of Civil Buildings. 1st ed. China Architecture &
Building Press: Beijing, China, 2012; pp. 4–10.

27. GB/T 50785-2012; Evaluation Standard for Indoor Thermal Environment in Civil Buildings. 1st ed. China Architecture & Building
Press: Beijing, China, 2012; pp. 3–15.

28. Bai, L.; Song, B.; Yang, L. Developing the New Thermal Climate Zones of China for Building Energy Efficiency Using the Cluster
Approach. Atmosphere 2022, 13, 1498. [CrossRef]

29. ANSI/ASHRAE Standard 55; Thermal Environmental Conditions for Human Occupancy. 1st ed. American Society of Heating,
Refrigerating and Air-Conditioning Engineers (ASHRAE): Atlanta, GA, USA, 2017; pp. 7–20.

30. Pantavou, K.; Koletsis, I.; Lykoudis, S.; Melas, E.; Nikolopoulou, M.; Tsiros, I.X. Native influences on the construction of thermal
sensation scales. Int. J. Biometeorol. 2020, 64, 1497–1508. [CrossRef]

31. ISO. Ergonomics of the Thermal Environment Instruments for Measuring Physical Quantities, 1st ed.; International Organization for
Standards: Geneva, Switzerland, 1998; pp. 31–34.

32. Singh, M.C.; Garg, S.N.; Jha, R. Different glazing systems and their impact on human thermal comfort—Indian scenario. Build.
Environ. 2008, 43, 1596–1602. [CrossRef]

33. La Gennusa, M.; Nucara, A.; Rizzo, G.; Scaccianoce, G. The calculation of the mean radiant temperature of a subject exposed to
the solar radiation—A generalised algorithm. Build. Environ. 2005, 40, 367–375. [CrossRef]

34. La Gennusa, M.; Nucara, A.; Pietrafesa, M.; Rizzo, G. A model for managing and evaluating solar radiation for indoor thermal
comfort. Sol. Energy 2007, 81, 594–606. [CrossRef]

35. Marino, C.; Nucara, A.; Pietrafesa, M.; Polimeni, E. The effect of the short wave radiation and its reflected components on the
mean radiant temperature: Modelling and preliminary experimental results. J. Build. Eng. 2017, 9, 42–51. [CrossRef]

36. Khamporn, N.; Chaiyapinunt, S. Effect of installing a venetian blind to a glass window on human thermal comfort. Build. Environ.
2014, 82, 713–725. [CrossRef]

37. Zhang, H.; Yang, R.; You, S.; Zheng, W.; Zheng, X.; Ye, T. The CPMV index for evaluating indoor thermal comfort in buildings
with solar radiation. Build. Environ. 2018, 134, 1–9. [CrossRef]

38. Huang, L.; Zhai, Z.J. Critical review and quantitative evaluation of indoor thermal comfort indices and models incorporating
solar radiation effects. Energy Build. 2020, 224, 110204. [CrossRef]

39. Cannavale, A.; Ayr, U.; Fiorito, F.; Martellotta, F. Smart electrochromic windows to enhance building energy efficiency and visual
comfort. Energies 2020, 13, 1449. [CrossRef]

40. Huang, Y.; Niu, J.L. Energy and visual performance of the silica aerogel glazing system in commercial buildings of Hong Kong.
Constr. Build. Mater. 2015, 94, 57–72. [CrossRef]

41. Wang, S.; Zhou, Y.; Jiang, T.; Yang, R.; Tan, G.; Long, Y. Thermochromic smart windows with highly regulated radiative cooling
and solar transmission. Nano Energy 2021, 89, 106440. [CrossRef]

42. Zhang, Y.; Zhao, R. Relationship between thermal sensation and comfort in non-uniform and dynamic environments. Build.
Environ. 2009, 44, 1386–1391. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

89



energies

Article

Research on Multi-Objective Optimization Design of University
Student Center in China Based on Low Energy Consumption and
Thermal Comfort

Ming Liu 1, Yufei Que 1, Nanxin Yang 1, Chongyi Yan 2,* and Qibo Liu 1,3,*

1 School of Architecture, Chang’an University, Xi’an 710061, China; liuming@chd.edu.cn (M.L.);
2020903783@chd.edu.cn (Y.Q.); 2022241002@chd.edu.cn (N.Y.)

2 CCCC First Highway Consultant Co., Ltd., Xi’an 710068, China
3 Engineering Research Center of Highway Infrastructure Digitalization, Ministry of Education,

Xi’an 710064, China
* Correspondence: 15229324203@163.com (C.Y.); lucy@chd.edu.cn (Q.L.); Tel.: +86-15229324203 (C.Y.);

+86-13572508860 (Q.L.)

Abstract: Ensuring optimal building performance is vital for enhancing student activity comfort and fos-
tering energy-saving initiatives toward low-carbon objectives. This paper focuses on university student
centers in China, aiming to diminish building energy consumption while enhancing indoor thermal
comfort. Parametric modeling of typical cases is executed using the Grasshopper 1.0.0007 software
package, and the simulation of building energy consumption and indoor thermal comfort relies on
the Ladybug and Honeybee plug-in. Employing a multi-objective optimization design method and
the Octopus multi-objective optimization algorithm, this study integrates numerical simulations and
on-site surveys to analyze how factors like building form, orientation, envelope structure, and others
impact the indoor and outdoor environment. A comprehensive optimization design approach is im-
plemented for the building’s exterior components, including the walls, windows, roof, and shading
system. After conducting a comparative analysis of the annual comprehensive energy consumption
and indoor thermal comfort before and after the optimization plan, it is determined that implementing
these measures reduces the annual comprehensive energy consumption of the building under study by
58.8% and extends the duration of indoor thermal comfort by 53.0%. This study presents a practical
optimization design methodology for university student center architecture in China, aiding architects
in decision making and advocating for energy-efficient building designs.

Keywords: student center; low energy consumption; thermal comfort; multi-objective optimization
design; numerical simulation

1. Introduction

The global construction industry is shifting from making quantitative changes to
focusing on qualitative transformations, particularly in university construction, where
there is an emphasis on fostering the sustainable development of green campuses. By
prioritizing design goals centered around durability, livability, and low carbon emissions,
solutions have been identified for addressing challenges encountered by different types
of university buildings associated with high energy consumption [1]. Within this context,
the student center, known for its diverse and intricate functional spaces, becomes a critical
focal point in striving to achieve low energy consumption across the campus.

In constructing a student center, a comprehensive approach to considering thermal
comfort and green energy efficiency within indoor environments is crucial. On the one hand,
maintaining an appropriate temperature and humidity directly impacts students’ utilization
and frequency of space. On the other hand, some student centers sacrifice high energy
consumption to sustain indoor thermal comfort, resulting in increased energy usage. Hence,
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designing an energy-saving optimization scheme for the student center demands a multi-
objective optimization study focusing on achieving both low energy consumption and
optimal indoor thermal comfort. This approach aims to drive the development of energy-
efficient campuses across China.

2. Literature Review

In recent times, scholars have conducted multi-objective optimization research con-
cerning low building energy consumption and thermal comfort. Their primary focus has
been on examining the interaction between optimization algorithms and simulation tools.

Regarding optimization algorithms, several studies have been conducted. Caldas et al.
focused on office buildings, considering factors associated with different orientations and
exterior windows as variables, with total building energy consumption as the optimization
objective [2]. Magnier examined building equipment and envelope structure as variables,
utilizing the Non-dominated Sorting Genetic Algorithm-II (NSGA-II) algorithm combined
with the ANN algorithm to target building energy consumption and thermal comfort as
optimization objectives [3]. Yuan Fang et al. centered on the design of external windows in
office buildings. They simulated building performance using the Grasshopper platform
and Ladybug and Honeybee plug-in, analyzing the impact of these windows on energy
consumption and proposing relevant optimization strategies [4]. Li Haiquan proposed
a multi-objective building energy-saving model based on a genetic algorithm, focusing
on parameters such as body shape coefficient and windward area [5]. Benedek Kiss
explored a multi-objective optimization technique, specifically the Direct MultiSearch
method, applied to a case study involving a multi-story residential building [6]. Giouri ED
investigated the exterior windows of high-rise office buildings, analyzing their influence
on energy consumption and proposing corresponding optimization strategies [7]. Badr
Chegari utilized a multi-objective optimization method based on an intelligent agent model,
employing machine learning tools like ANN and the MOPSO algorithm for optimization [8].
Facundo Bre introduced an effective method involving metamodels for solving multi-objective
optimization problems in building performance, combining NSGA-II with an artificial neural
network (ANN) metamodel [9]. Aiman Albatayneh conducted a sensitivity analysis (SA) using
the Design Builder software Version 6.1 package, assessing 12 design variables simultaneously
for their impact on heating and cooling loads through regression methods [10].

Regarding the interaction of simulation tools, Ehsan Asadi investigated existing ex-
ternal wall insulation and other envelope structures as components. They considered
building energy consumption and thermal comfort as optimization objectives and con-
ducted research using GenOpt and MATLAB Version 8.0 [11]. Erlendsson focused on the
effective lighting level within residential atrium spaces. They utilized the Grasshopper plat-
form and Honeybee plug-in to study the impact of glass size and material in atriums [12].
E. Belloni and colleagues investigated a novel aerogel glazing system (AGS) employing
a simulation model to calculate the annual energy demand of a reference building in
Tokyo. Through building performance simulation, it was demonstrated that AGS could
reduce energy requirements in cold climates, concurrently decreasing the consumption
associated with heating, cooling, and lighting [13]. Benedek Kiss introduced a modular
parametric optimization framework for a multi-apartment building. The framework has
key components including geometry, shell structure, installation, and heating energy. It
integrates advanced building modeling, life cycle assessment (LCA), energy calculations,
and environmental optimization methods, both single and multi-objective [14]. Zhang
Anxiao’s research centered on primary and secondary schools in cold areas. They aimed
to optimize building energy consumption and room thermal comfort, employing multi-
objective optimization theory and algorithms to verify the feasibility of a multi-objective
optimization platform [15]. Yang Zhao and associates conducted a study on the thermal
comfort of semi-outdoor spaces within a university building in Guangzhou, China, utiliz-
ing questionnaires for evaluation. The results revealed that both air temperature and mean
radiant temperature within the courtyards were notably elevated. Planting trees in these
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courtyards could reduce the Physiological Equivalent Temperature (PET) from “very hot”
to “hot”, thereby aiding in the improvement of thermal comfort [16]. Erminia Attaianese
and her team proposed an integrated method for creating sustainable indoor architectural
environments, emphasizing Indoor Environmental Quality (IEQ) and overall building qual-
ity. They validated this approach through a subjective survey carried out at the University
of Salerno’s Fisciano Campus in Italy [17]. Liu Qianqian’s study considered envelope struc-
ture factors as optimization variables, focusing on building energy consumption, lighting
environment, and renovation economic cost. They utilized Rhino and Grasshopper for
multi-objective optimization, examining objective optimization during the design phase of
neural networks [18]. Table 1 presents a more systematic representation of the literature on
achieving low building energy consumption and enhancing thermal comfort.

Table 1. Representative literature on building low energy consumption and thermal comfort.

Optimization Objectives Research Object Methodology Literature

Building energy consumption
and thermal comfort

Building equipment and envelope Optimization algorithm [2,11,15,19,20]

Primary and secondary schools in
cold climates

Interaction of simulation tools +
optimization algorithm [13,21]

Building energy consumption

Orientation and exterior window
form of office building Interaction of simulation tools [1,3,6,16,22]

Sensitivity analysis of
12 design variables Interaction of simulation tools [10]

Factors for envelope Interaction of simulation tools +
optimization algorithm [14,17,23]

Building energy efficiency

Apartment Interaction of simulation tools [7,24]

Shape factor and windward area Interaction of simulation tools +
optimization algorithm [4]

Atrium space Interaction of simulation tools [11,12]

Multi-objective
optimization tool

Multi-story residential building

Optimization algorithm

[5]

Multi-objective optimization of
building performance [9,21,25–28]

Building optimization based on
intelligent algorithm [8,29–31]

Building optimization with
machine learning [32–34]

Upon reviewing existing research, several key observations emerge:
(1) In the realm of architectural optimization design, intelligent parametric design and

optimization algorithms have progressively become commonly utilized methods in archi-
tecture. This is particularly evident in the comprehensive platforms based on Grasshopper.

(2) Using multi-objective optimization to improve building energy efficiency mainly
centers on integrating various algorithms to optimize building structure, design, enve-
lope, and equipment. This approach aims to enhance both energy efficiency and overall
comfort levels.

(3) Research on integrating parametric building design and performance simulation
is limited. More specifically, there is a shortage of studies that utilize multi-objective
optimization algorithms within the context of campus public buildings, particularly when
examining student centers.

Drawing from the aforementioned existing research, this study focuses on the student
center in China. The research leverages the Grasshopper platform for building performance
simulation analysis alongside a multi-objective optimization module to analyze the current
state and outcomes of computer simulations. The aim is to identify existing issues in the
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usage of university student centers, considering key evaluation criteria for energy-saving
design in public buildings. Subsequently, the study focuses on two primary goals: reducing
building energy consumption and enhancing indoor thermal comfort. It reforms and
optimizes the main factors influencing energy conservation in buildings. The innovation of
this study lies in integrating the establishment of parameterized building models, building
performance analysis, and multi-objective algorithm optimization on the same platform,
avoiding errors in data exchange and repeated modeling between traditional platforms.
Comparing the results of the optimization scheme with the initial simulation data of the
building model, a comprehensive analysis is conducted to derive energy-saving optimiza-
tion strategies for the student center. This study introduces fresh insights and theoretical
references for architectural design methodologies specific to university student centers,
considering regional climate characteristics in China.

3. Methodology

3.1. Morphological Characteristics of University Student Centers in China

Alongside the continuous evolution of modern college education concepts, the student
center has become an integral part of campuses, drawing widespread attention due to its
distinctive architectural characteristics and functionalities. Referring to pertinent content in
“China’s Architectural Design Data Set” (3rd edition) [35], functional types are summarized in
Table 2. Given the inclusive and diverse nature of student centers, organizing their interior
spaces must not only ensure the autonomy of each functional room and the distinction
between active and quiet areas but also prioritize flexibility in usage and the integration of
various functions. Following the guidelines outlined in “Code for the Architectural Design of
Cultural Centers” JGJ/T 41-2015 [36] and relevant specifications in the Architectural Design
Data Set (3rd edition), plans are primarily categorized into three types (centralized combined
type, series combined type, and courtyard enclosed type), as illustrated in Table 3.

Table 2. Program of student center recommended by the Architectural Design Data Set [35].

Name Program

Office
Student union, science and technology service center,
information service center, psychological counseling,

career center, etc.

Event and
management occupancy

General club room Literature club, photography club, fine arts club, etc.

Literary club rehearsal room Vocal, dance, etc.

Group activity
Rooms for exhibitions, discussions, lectures, fellowship,

and other activities organized by student
organizations or individuals

Recreation Board, billiards, video games, etc.

Fitness gym

Hall Professional stage, can be large-scale
performance places

Multi-purpose room Ballroom, a venue for larger events such as exhibitions,
assemblies, or rehearsals

Others

Broadcasting station Broadcasting station

Service room Bookstores, banks, haircuts, photocopying, repairs, etc.

Small food and beverage occupancy Fast food restaurant, cafe, etc.

Although factors such as geographical location, environment, university scale, and
construction period vary among colleges and universities, the functional types of student
centers across these institutions are fundamentally similar. However, spatial organization
is influenced by geographical conditions and climate characteristics. This study employs
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a literature review, map consultation, and site visits. Several student centers in Beijing,
Tianjin, Nanjing, Guangzhou, Xi’an, and other cities were investigated. Due to space
constraints, Table 4 presents eight representative university student centers in China.

Table 3. Organizational form of plan [35,36].

Classification (a) Centralized Combined Type (b) Series Combined Type (c) Courtyard Enclosed Type

Legend 
 

Table 4. Program analysis diagram of student center in China.

Region (South) Layout and Functional Zoning Region (North) Layout and Functional Zoning

Student center, South
China University

of Technology

Student center,
Tsinghua University

Student center,
Shenzhen University

 

Student center, Tianjin
Polytechnic University

 

Student center,
Southeast University

 

Student center,
Lanzhou University

 

Student center,
Nanjing University

Student center,
Chang’an University

office event and management occupancy hall multi-purpose room others

Through investigation, we observed distinctive characteristics in the function and
utilization of the student center, primarily manifested as follows:

(1) Functional diversity: The student center integrates educational, social, and recre-
ational functions, offering adaptable space to address diverse needs.

(2) Layout response to climate: As depicted in Table 4, student centers in southern
regions predominantly adopt series and courtyard layouts, while in the north, centralized
layouts prevail.
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(3) Integration of spaces in varied scales: The design of the student center encompasses
extensive areas such as halls, medium-sized spaces like activity and rehearsal rooms, and
smaller spaces including offices and service rooms. The combination, utilization, and
management of these spaces are notably intricate.

(4) Unique utilization patterns: The peak usage of student centers differs significantly
from teaching buildings; it tends to concentrate more during after-school hours, including
nights and non-class periods, and particularly on weekends.

3.2. Typical Case Study

This study chose a university student center located in Xi’an, Shaanxi Province, north-
ern China for several reasons:

(1) The Xi’an region is situated in a cold zone with a warm temperate continental
monsoon climate, characterized by distinct cold, warm, dry, and wet seasons. Buildings
in this area must meet insulation design requirements and consider natural ventilation
and shading design. Additionally, Xi’an is home to numerous universities with extensive
building areas. The prevalence of high energy consumption without adequate indoor ther-
mal comfort maintenance, particularly among major universities in the area, underscores
the need for research and optimization of the thermal environment in academic buildings.
Findings from this region can provide valuable insights for buildings in other cold regions.

(2) China has a substantial inventory of “non-green” buildings characterized by low
energy utilization and high operating energy consumption. With the introduction of the
“dual-carbon” target, the green and energy-saving renovation of existing buildings is poised
to become the prevailing trend in China’s construction industry.

(3) Research reveals that some previously constructed student center buildings were
constrained by factors such as outdated building energy efficiency standards, materials,
technology, and equipment. Issues such as obsolete heating equipment, aging power
lines and envelope structures, severe condensation, mold growth in indoor corners, and
peeling of inner wall finishes have become increasingly prominent. The inadequate thermal
performance of envelope structures results in indoor heat loss, elevated building energy
consumption, and challenges in maintaining comfortable indoor temperatures.

(4) The existing research literature predominantly focuses on the spatial design of
student centers, neglecting building performance and physical environment optimization
design. Therefore, this study aims to explore energy-saving optimization design con-
cepts and plans for this building type. The findings will facilitate improved operation,
construction, and maintenance of student center buildings.

This study conducted a large-scale survey on student centers in universities in Xi’an,
and selected 5 representative student centers constructed after 2000 as research cases for
detailed investigation. The reason for selecting cases after 2000 is that during the investiga-
tion, it was found that some older student centers have been abandoned or repurposed,
and lack good renovation value. These 5 universities represent the disciplines of liberal
arts, science, and engineering in the Xi’an region, include Chang’an University (CHD),
Xi’an International Studies University (XISU), Xi’an University of Finance and Economics
(XUFE), Shaanxi Normal University (SNNU), and Xi’an University of Architecture and
Technology (XAUAT). An overview of the case study buildings is provided in Table 5.

Table 5. Basic information of the five student centers.

Typical Cases Year Plan Story Floor Height Gross Floor Area

CHD student center
Before Design Standard for Energy

Efficiency of Public Buildings
GB50189-2005

2004 3 4.8 m 10,700 m2
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Table 5. Cont.

Typical Cases Year Plan Story Floor Height Gross Floor Area

XISU student center
Before Design Standard for Energy

Efficiency of Public Buildings
GB50189-2015

2009 2 4.6 m 9156 m2

SNNU student center
Before Design Standard for Energy

Efficiency of Public Buildings
GB50189-2015

2011 4 4.2 m 9989 m2

XUFE student center 2016 2 3.9 m 5231 m2

XAUAT student center 2018 4 4.5 m 10,500 m2

office event and management occupancy hall multi-purpose room others

We visited the management departments of five universities and obtained the com-
pletion drawings of the student centers, along with the total electricity consumption data
of the buildings from 2017 to 2020. We discovered that all the student centers operate
upon central air conditioning for cooling (electricity consumption) indoors in summer and
centralized heating (natural gas) for indoor spaces in winter. It is observed that the total
power consumption and power consumption per unit area of the student centers have
consistently increased annually over the past four years, as depicted in Figures 1 and 2.
These buildings, due to their comprehensive nature and combination of variously sized
spaces, demonstrate low continuity in space utilization. The interior space of the building
presents distinct usage requirements based on different functional divisions. During the
construction phase, energy conservation considerations were not given significant prior-
ity. Combined with the effects of aging and wear during the building’s use, it currently
experiences poor thermal comfort and high energy consumption. Consequently, it fails
to meet present-day requirements for energy conservation and consumption reduction,
posing challenges in maintaining a comfortable indoor environment.

Considering the characteristics of the student center outlined above, including layout,
spatial design, and usage features, and in conjunction with the fact that China issued the
“Design Standard for Energy Efficiency of Public Buildings” GB50189-2005 [37] in 2005,
this study ensures the comprehensiveness and integrity of relevant data. As a result, the
CHD student center is chosen as the specific research subject. Despite being constructed
in 2004, the building lacked comprehensive energy-saving measures during construction.
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It presents a non-energy-efficient structure with a simplistic envelope design, inadequate
thermal insulation, and numerous energy-related issues.

Figure 1. Total energy consumption of 5 student center buildings from 2017 to 2020.

Figure 2. Electricity consumption per unit area of 5 student centers from 2017 to 2020.

3.3. Numerical Simulation
3.3.1. Setting Parameters for Typical Case Model

To examine the correlation between the building design of the student center and its
impact on energy consumption and thermal comfort, this study utilized the Design Builder
software package to simulate the case study. Climate data and building parameters were
employed to parameterize elements such as building form, orientation, envelope structure,
and other factors [9]. Simulation parameters were established following the calculation
guidelines for physical properties of commonly used building materials, as outlined in
Appendix B of the “Code for Thermal Design of Civil Buildings” GB 50176-2016 [38], and
were based on the construction drawing practices of existing typical case models. Notably,
the CHD Student Center lacks insulation material in its exterior walls and roof.

3.3.2. Basic Parameters of Heat Source in the Room

The model parameters were set in line with the actual characteristics of the case
building, encompassing metrics such as the per capita area and room occupancy rate,
the energy consumption rate of lighting and equipment per unit, lighting power density,
switching times, and operational periods of the building’s air conditioning and heating
system [39]. Specific configurations are outlined as follows:

(1) Per capita area and occupancy: The area per person is set at 6 m2; activity energy
is 70 W; the thermal resistance unit of clothing is specified as ‘clo’, the occupants can adjust
clothing according to their thermal feelings. Based on the Evaluation Standard for Indoor
Thermal Environment in Civil Buildings GB/T 50785-2012, according to normal office
clothing, when occupants wear thin pans and short-sleeve shirts, clo = 0.50 in summer;
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when occupants wear long-sleeve shirts, trousers, warm jackets, and long sleeved and
pants underwear, clo = 1.2 in winter [39,40].

(2) Lighting and equipment energy consumption per unit area indoors: Lighting power
density is 9 W/m², triggering lamps when the working surface illumination falls below 500 lx.
Fresh air volume is 30 [m3/(h)], and electrical equipment power density is 15 W/m2.

(3) Operational schedule for public university buildings: Electrical equipment, room occu-
pancy, and lighting have flexible timings, operating 7 days a week from 8:00 am to 10:00 pm
based on the University’s activity center usage. Lamp operation is limited to this period.

(4) Air conditioning and heating system operation: The cooling temperature is set
to 26 ◦C, and the heating temperature to 18 ◦C [41]. Fan operation is synchronized with
the student center’s schedule, and inactive during other times. The study focused solely
on indoor energy consumption and thermal comfort, excluding fan and coil models that
might affect energy usage. Annual energy consumption calculations encompass cooling,
heating, lighting, and other equipment.

After conducting field investigations on student centers in Xi’an, a representative
typical building case was selected for parametric modeling and subsequent building
performance simulation. Considering the climate characteristics of Xi’an, simulation
analyses were conducted to assess building energy consumption and indoor thermal
comfort. These simulation outcomes serve as a comparative data set for the optimization
design scheme detailed in the subsequent paper. Illustrated in Figure 3 is a schematic
diagram depicting the process and platform for building performance analysis.

Figure 3. Schematic diagram of building performance analysis process and technology platform of
student center.

3.4. Simulation of Energy Consumption and Thermal Comfort
3.4.1. Accuracy Verification of Typical Cases

Before conducting a building performance simulation, it is crucial to validate the
accuracy of the model and the software’s parameter settings. In this study, the measured
outdoor temperature and humidity in Xi’an on 6 July 2021, were compared with the
software-simulated data for verification. This comparison is depicted in Figures 4–6.

By organizing the measured data from outdoor measuring points, the results of outdoor
simulations were compared against them. To simplify calculations, some simulation parameters
were set to an ideal state. Consequently, the simulated outdoor humidity measurement points
may register higher than the actual measurements, but they consistently reflect the trends of
each measurement point. Upon comparison, the disparity between simulated temperature and
humidity values and the measured values at various times of the day is less than 10%. This
indicates that the software simulation results are largely in line with the test results, validating
the feasibility of the software model and parameter settings.
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Figure 4. Establishment of outdoor hourly temperature platform on July 6.

Figure 5. Establishment of outdoor hourly humidity platform on July 6.

Figure 6. Comparison of test and simulation results of temperature and humidity.

3.4.2. Simulation Analysis of Energy Consumption

In this study, the Ladybug and Honeybee plug-in is used to calculate annual heating
energy consumption, cooling energy consumption, artificial lighting energy consumption,
and other equipment energy consumption to obtain annual comprehensive building energy
consumption and comprehensive energy consumption per unit area. The visual results of
building energy consumption and its data are depicted in Figure 7.
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Figure 7. Energy consumption balance diagram of CHD Student Center.

As depicted in Figure 7, the annual energy consumption analysis of the CHD Student
Center reveals a total energy consumption of 183.57 kW·h/m2 per unit area, with an accu-
mulated annual heat consumption of 82.15 kW·h/m2. The primary cause for this lies in the
aging of the envelope structure and excessive heat transfer coefficient. During winter, the
primary heat loss occurs through the envelope, while in summer, air conditioning is pre-
dominantly used for interior comfort. Addressing this issue requires further optimization
of the envelope and shade design, particularly for summer conditions.

3.4.3. Simulation Analysis of Indoor Thermal Comfort in Typical Buildings

The PMV-PPD index chosen for this study reflects the indoor thermal comfort within
buildings. The visualized results and data illustrating PMV for indoor thermal comfort
throughout the year are presented in Figure 8.

Figure 8. Indoor thermal comfort PMV of CHD Student Center.

According to the simulation results of thermal comfort, the percentage of people with
unsatisfactory indoor expectations in the CHD Student Center throughout the year is 23.7%, the
absolute value of PMV at this time is 0.89, and the annual indoor discomfort time is 2179.75 h.

The heat transfer coefficient (U value) of each building envelope component is com-
pared with the specified limit value in the building energy-saving design standards across
various periods to ascertain compliance with energy-saving design requirements. The
comparative results are displayed in Table 6.

Table 6. Judgment of related indicators of CHD Student Center.

Name Value
Design Standard for Energy

Efficiency of Public Buildings
GB 50189-2005 Limit Value [37]

Satisfied
or Not

Design Standard for Energy Efficiency
of Public Buildings GB 50189-2015

Limit Value [42]

Satisfied
or Not

Roof
W/(m2·k) U = 0.519 U ≤ 0.55

√
U ≤ 0.45 ×

Exterior wall
W/(m2·k) U = 2.055 U ≤ 0.6 × U ≤ 0.50 ×
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Table 6. Cont.

Name Value
Design Standard for Energy

Efficiency of Public Buildings
GB 50189-2005 Limit Value [37]

Satisfied
or Not

Design Standard for Energy Efficiency
of Public Buildings GB 50189-2015

Limit Value [42]

Satisfied
or Not

Window
wall ratio

East 0.20 U = 3.4 U ≤ 3.0 × U ≤ 2.7 ×
West 0.20 U = 3.4 U ≤ 3.0 × U ≤ 2.7 ×
South 0.68 U = 3.4 U ≤ 2.0 × U ≤ 1.9 ×
North 0.10 U = 3.4 U ≤ 3.5

√
U ≤ 3.0

√

Shape factor 0.15 ≤0.40
√ ≤0.40

√

Based on the comprehensive findings from field investigations, data testing, and soft-
ware simulation analyses, the university student center exhibits several issues concerning
the thermal performance of its envelope structure, building energy consumption, and
indoor thermal comfort:

(1) Thermal performance of the enclosure structure: The table reveals that the CHD
Student Center, in its architectural design, does not adhere to building energy conservation
requirements. Consequently, the thermal performance of the building envelope exceeds
the current codes and standards. There exists substantial potential for energy-saving
optimization in the building envelope design.

(2) Building energy consumption: As per the specifications outlined in the “Standard
for Energy Consumption of Buildings” GB/T 51161-2016 [43], the prescribed value for
Xi’an’s annual unit area heat consumption index stands at 0.21GJ/(m2·a), equivalent to
58.333 kW·h/m2. However, based on the energy consumption simulation results, the CHD
Student Center demonstrates an annual cumulative heat consumption per unit area of
82.15 kW·h/m2, surpassing Xi’an’s building heat consumption index limit.

(3) Building thermal comfort: According to the standard outlined in the “Evaluation
Standard for Indoor Thermal Environment in Civil Buildings” GB/T 50785-2012 [39], a ther-
mal environment with a Predicted Percentage of Dissatisfied (PPD) of ≤10% signifies com-
fort, while the indoor thermal environment should ideally range between −0.5 and +0.5 for
Predicted Mean Vote (PMV). Based on the thermal comfort simulation results, the CHD
Student Center experiences an unsatisfactory indoor environment throughout the year,
with 23.7% of individuals dissatisfied, and a PMV of 0.89, categorized as a grade III stan-
dard. This indicates low satisfaction among occupants regarding the humidity and thermal
environment. Analysis of the construction drawings reveals that the thermal performance
of each component of the building envelope exceeds the current code limit. This situation
is detrimental to creating a favorable indoor thermal environment in the building, making
it challenging to maintain comfortable conditions.

4. Results and Discussion

Based on the status of student centers in Xi’an and simulation analysis results, it
has been discovered that the CHD Student Center has significant potential for energy
conservation in terms of both building energy consumption and indoor thermal comfort.
Expanding on this assessment and considering the actual influencing factors, a transfor-
mative design was implemented. This involved adjusting the external wall insulation
materials and thickness, types of external windows, roof insulation materials and thickness,
external sunshades, and more. These modifications were evaluated against the heat transfer
coefficient specified in the “Design Standard for Energy Efficiency of Public Buildings”
GB50189-2015 [42]. Using a multi-objective optimization module, the optimal Pareto so-
lution set was computed to identify the most fitting scheme that meets the heat transfer
coefficient prerequisites. The process of multi-objective optimization, along with the result-
ing optimal design concepts relevant to comparable existing buildings in the Xi’an area,
is depicted in Figure 9: schematic diagram of the multi-objective optimization research
process and technical platform.
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Figure 9. Schematic diagram of multi-objective optimization research process and technology plat-
form of student center.

4.1. Multi-Objective Optimization Experiment Design

The meteorological data selected in this simulation study are the data of typical
meteorological years in Xi’an. The schedule of heating and cooling equipment, the open-
ing conditions of ventilation and lighting, and the activity schedule adopted by indoor
personnel were consistent with the initial case simulation.

To sum up, the parameter settings of optimization variables in this study are shown
in Table 7.

Table 7. Variable parameter setting.

Optimizations Original Building Parameters
Simulate and Optimize Building

Parameters

Roof insulation 35 mm-thick XPS board for roof

R1 100 mm-thick XPS board
R2 150 mm-thick XPS board
R3 100 mm-thick EPS board
R4 150 mm-thick EPS board

R5 100 mm-thick rock wool board
R6 150 thick rockwool board

Exterior insulation No external wall insulation

W1 100 mm-thick XPS board
W2 150 mm-thick XPS board
W3 100 mm-thick EPS board
W4 150 mm-thick EPS board

W5 100 thick rock wool board
W6 150 thick rockwool board

Type of glass for building exterior window 6 mm common double glazing

G1 3 mm + 12Ar + 3 mmLow
G2 6 mm + 12Ar + 6 mmLow

G3 3 mm + 12Ar + 3 mm plain glass
G4 6 mm + 12Ar + 6 mm regular glass

Length of southwest-facing visor Unshaded

S1 0 m
S2 0.5 m
S3 1 m

S4 1.5 m

Note: Ar in the table indicates filled inert gas.

102



Energies 2024, 17, 2082

Referring to the algorithm parameter settings from previous studies [8], a comparative
test was conducted regarding the parameter settings in this study. In optimizing the
parameter settings of the algorithm, the configuration utilized in this study ensures the
algorithm’s performance while effectively balancing the optimization of building energy
consumption and indoor thermal comfort. The optimization algorithm’s parameter settings
for this study are detailed in Table 8.

Table 8. Octopus optimization parameter settings for this study.

Name Value

Elitism Elitism Ratio 0.50
Mut. Probability Mutational probability 0.05
Mutation Rate Mutation rate 0.10
Crossover Rate Crossover probability 0.80
Population Size Population size 50

Max Generations Max evolutionary algebra 50
Record interval Record time interval 1

Save interval Save interval 0

4.2. Optimize the Analysis of Experimental Results

In this study, the optimization algorithm module of the software was used to simulate
the building energy consumption and the uncomfortable duration inside the building, etc.,
corresponding to the Pareto scatter plots of 5, 25, 45, and 50 generations (Figures 10–13),
until the point distribution reached a stable convergence state. The dark red cube is Pareto’s
optimal solution set.

Figure 10. Pareto solution iterated 5 times.

Figure 11. Pareto solution iterated 25 times.
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Figure 12. Pareto solution iterated 45 times.

Figure 13. Pareto solution iterated 50 times.

Figures 10–13 illustrate that the Pareto optimal solution sets are interconnected to
form a Pareto front surface. The overall shape closely resembles a convex paraboloid
centered around the coordinate origin. Observing the fluctuation in the solution set of the
50th-generation frontier surface indicates that this optimization set has converged. The
resulting optimal solution set obtained from this convergence can be utilized for further
research and analysis. The iterative process of the multi-objective optimization simulation,
comprising approximately 2500 operations, unveiled a dense trend in the distribution of the
Pareto solution set. The relatively stable position within this distribution can be regarded
as the state of convergence for the set.

(1) Analysis of total building energy consumption
Analysis of the 50th-generation Pareto solution set data obtained from the multi-

objective optimization study of the CHD Student Center indicates a notable reduction in
building energy consumption following the optimization process. The annual energy con-
sumption after optimization ranges between 800,000 kWh and 830,000 kWh. Specifically, the
33rd-generation Pareto solution set (depicted in Figure 14) generated the minimum energy
consumption of 800,322.19 kWh through energy consumption optimization simulations.
Conversely, the maximum energy consumption was recorded from the 46th-generation
Pareto solution set, resulting in 843,523.24 kWh. Overall, in the 50th-generation data set,
the building’s energy consumption demonstrates a significant reduction compared to the
pre-optimization consumption of 1,964,153.07 kWh.
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Figure 14. Relationship between building energy consumption and Pareto solution set.

(2) Indoor thermal comfort analysis of buildings
Examining the impact of multi-objective optimization on the discomfort duration

within the building, an analysis was conducted using the 50th-generation Pareto solution set
data from the multi-objective optimization study of the CHD Student Center. This analysis
generated a relationship diagram between the discomfort duration within the building
and the Pareto solution set (see Figure 15). The discomfort duration values mostly range
between 800 h and 1600 h. As per the multi-objective optimization research, the minimum
discomfort duration is recorded in the 8th generation, amounting to 753.52 h. Conversely,
the maximum discomfort duration resulting from the multi-objective optimization research
occurs in the 21st generation, with a value of approximately 2168.75 h. Overall, across
the 50 generations, the building’s indoor discomfort duration exhibits a notable decrease
compared to the indoor thermal discomfort duration of 2179.75 h before the optimization.

Figure 15. Relationship between indoor discomfort duration and Pareto solution set.
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(3) Analysis of variable optimization design
Optimization of wall insulation structure: An analysis of the 50th-generation Pareto

solution set reveals that the optimization primarily centers on two types of wall insulation
structures: W2 (XPS, 150 mm thickness) and W4 (EPS, 150 mm thickness). Within these
options, the XPS board configuration dominates the solution set, suggesting its superior
performance in terms of energy consumption and comfort at a thickness of 150 mm.

Optimization of roof insulation structure: An analysis of the Pareto solution set
highlights the preference for solutions centered around R1, R2, and R4 (involving XPS
and EPS insulation panels with 100 mm and 150 mm thicknesses, respectively). Due to
the relatively small roof insulation area, the optimization process does not significantly
increase the thickness of the insulation material. This indicates that both XPS and EPS
exhibit effective insulation properties, with 150 mm thickness being the prevalent choice.

Selection of external window glass type: The results from multi-objective optimization
indicate that G1 (3 mm + 12 Ar + 3 mmLow glass) and G3 (3 mm + 12 Ar + 3 mm ordinary glass)
window types are preferred. In particular, the G1 type holds a notably higher proportion
within the solution concentration, highlighting its distinct advantages in optimization.

Optimization of horizontal shading: Data analysis shows that S2 (0.5 m overhang
horizontal shading) in the southwest direction contributes more effectively to enhancing
the energy efficiency and comfort of the building interior. Pareto solution sets without
horizontal sunshade (S1) also exist, but their proportion is small.

(4) Weighing scheme analysis
In this study, the scheme provided by the 29th-generation Pareto solution set has

been chosen as the optimization scheme (see Figure 16). Based on the multi-objective
optimization point diagram of the building, the thermal insulation structure of the external
wall has been adjusted to a 150 mm-thick XPS board from the original structural design. The
roof’s insulation structure has also been set to a 150 mm-thick XPS board. Additionally, the
external window glass has been replaced with a 3 mm + 12 Ar + 3 mmLowE structure, and
a 0.5 m horizontal sunshade has been installed on the building’s southwest side. Simulation
results demonstrate a notable reduction in the building’s energy consumption, bringing it
down to 809,273.24 kWh—considerably lower than the pre-optimization consumption of
1,964,153.07 kWh. Moreover, the discomfort duration inside the building has decreased to
1024.19 h. The corresponding parameters of this solution set are detailed in Table 9.

Figure 16. Pareto solution set of building energy consumption and indoor discomfort duration.

In the research process, if there is an optimal solution or solution set scheme, will compare
the benchmark values in the building energy efficiency design codes or building comfort
standards, including the Evaluation Standard for Indoor Thermal Environment in Civil Build-
ings GB/T 50785-2012 and the Design Standard for Energy Efficiency of Public Buildings
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GB50189-2015. When there is no optimal solution set, it is necessary to calculate the data of
the non-optimal solution set calculated in Ladybug and Honeybee software Version 0.0.65,
calculate the heat transfer coefficients of the corresponding parts of the model, such as the
exterior windows, exterior walls, and roof, and then compare them with the benchmark heat
transfer coefficients in the standard. Based on this, select the optimal solution that meets the
heat transfer coefficient requirements. Based on this, compare the energy consumption and
uncomfortable time length of the selected solution to determine the optimal solution.

Table 9. Corresponding parameters of the solution set of the 29th-generation Pareto.

Algebra
Building Energy

Consumption (KWh)
Duration of Discomfort
inside the Building (h)

Type of Exterior
Insulation

Type of Roof
Insulation

Exterior Window
Glazing Type

Southwest Horizontal
Shade (m)

Pareto 29 809,273.24 1024.19 W2 R2 G1 S2

4.3. Multi-Objective Optimization of Optimal Solution Set

Calculate the energy-saving rate of the envelope structure according to the “Standard
for Green Performance Calculation of Civil Buildings“ JGJ/T 449-2018 [44]. The calculation
formula is as follows (Equation (1)):

ηE =
EB − E0

E0
× 100% (1)

In the formula, the following are defined:

ηE—total building optimization rate, %;
EB—the total building comprehensive energy consumption after optimization, kWh;
E0—total building comprehensive energy consumption after initial building model, kWh.

After evaluating the building’s energy consumption and thermal comfort performance
target optimization rate, we compared the multi-objective optimization data with the
original building data. The annual comprehensive energy consumption was reduced by
approximately 58.8% following optimization. Simultaneously, the annual indoor thermal
comfort duration increased by about 53.0%. This validates and analyzes the energy-saving
optimization scheme for the CHD Student Center as an effective transformation strategy,
detailed in Figures 17 and 18, and Table 10.

Figure 17. Annual energy balance diagram of optimization scheme.

Figure 18. Annual indoor thermal comfort PMV diagram of optimization scheme.
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Table 10. Corresponding parameters of the initial scheme and the solution set after optimization.

Name
Building Energy
Consumption

(KWh)

Duration of
Discomfort inside
the Building (h)

Type of Exterior
Insulation

Type of Roof
Insulation

Exterior Window
Glazing Type

Southwest Horizontal
Shade (m)

Original 1,964,153.07 2179.75 / 35 mm-thick
XPS board

6 mm plain
double glazing /

Optimized
Pareto29 scheme 809,273.24 1024.19

150 mm-thick
XPS

insulation board

150 mm-thick
XPS

insulation board

3 mm + 12Ar +
3 mmLow

The
southwest-facing
horizontal visor

protruding length
is 0.5 m

After conducting a comparative analysis of the annual comprehensive energy con-
sumption and indoor thermal comfort values before and after the optimization plan, it
is concluded that the case building’s annual comprehensive energy consumption was
reduced by 58.8% after implementing optimization measures, now being 75.36 kW·h/m2,
much lower than the 183.57 kW·h/m2 before the renovation; the heat consumption index
is 38.19 kW·h/m2, reduced by 46.5%, which meets the limit value of 58.333 kW·h/m2

for the building heat consumption index in Xi’an according to the “Standard for Energy
Consumption of Buildings” GB/T 51161-2016. The indoor thermal comfort duration has
increased by 53.0%, and the percentage of indoor dissatisfaction expected throughout the
year is 11.2%. According to the “Evaluation Standard for Indoor Thermal Environment
in Civil Buildings” GB/T 50785-2012, it is classified as Level II standard and basically
meets the comfort requirements. These verification results demonstrate the rationale and
feasibility of the optimization process.

Based on the above analysis, it can be seen that unlike single-factor optimization,
multi-objective optimization can be optimized from both energy consumption and thermal
comfort perspectives. For various practical cases, it is necessary to reasonably adjust
the various influencing factors involved in multi-objective optimization based on the
actual situation of the case, and ensure the optimal optimization plan through repeated
adjustments. Not only that, other variables can be added during the optimization process
and multi-objective joint optimization design can be carried out to obtain the Pareto solution
set through simulation calculation. In addition, targeted economic strategies can also be
proposed based on analysis of the actual situation, such as adjusting material thickness
reasonably, selecting appropriate material categories, etc., thus forming the optimal plan to
achieve the maximum economic benefits.

5. Conclusions

This study focuses on the university student center buildings in China and proposes a
multi-objective optimization design method for achieving thermal comfort while maintain-
ing low energy consumption. The study illustrates this method through practical examples,
leading to the following conclusions:

(1) The university student center serves diverse functions, encompasses various spaces,
exhibits high total energy consumption, and displays energy usage patterns distinct from
other university buildings. It demonstrates significant potential for energy savings.

(2) The Octopus multi-objective optimization module is employed to conduct research,
facilitating the simultaneous optimization of building comprehensive energy consumption
and indoor thermal comfort. This approach allows for comprehensive design optimization
involving elements such as the building’s exterior wall (insulation material type and thickness),
exterior windows (glass material type and thickness), roof (insulation material type and
thickness), and external sunshade (length of horizontal sunshade). Initially, this scheme aids
architects in making informed design decisions during the project’s early stages, fostering
energy-conserving building design. Furthermore, it generates more practical transformation
technical schemes. In this study, the annual comprehensive energy consumption of the
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building is reduced by 58.8%, while the indoor thermal comfort duration increases by 53.0%,
demonstrating the feasibility and soundness of the optimization design method.

(3) The multi-objective optimization platform considers multiple factors globally,
utilizing a multi-objective optimization algorithm to prevent insufficient consideration
of individual factors. Moreover, this process generates multiple visualized optimization
schemes, allowing designers to select options based on different objectives. This ensures
that all objective functions achieve an optimal state, significantly enhancing the efficiency
and effectiveness of building transformation optimization.

In the optimization of university student center design, this study focused solely on
analyzing building energy consumption and indoor thermal comfort, while other variables
were not extensively compared or discussed. Future optimization experiments could benefit
from employing multi-objective optimization algorithms to consider comprehensive factors
such as site selection, space layout, and building equipment selection, enabling a more holistic
examination of the university student center. Additionally, conducting more in-depth analyses
and comparisons of building performance across various climate zones in subsequent research,
through detailed data or statistical analysis, would facilitate broader conclusions.
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Abstract: Electrification is a key priority of the European Union, focusing on saving en-
ergy resources and mitigating carbon emissions through enhancing restrictions on relative
policies and initiatives. For such goals to be achieved, investing in renewable energy tech-
nologies on large- and small-scale projects is promoted. These efforts were implemented in
the building sector too, highlighting the importance of optimal decisions in improving the
energy performance of buildings, from an economic, energy and environmental perspective.
In this context, this paper aims to elaborate a decision-making methodology for building
thermal design, considering the optimal selection and operation of multi-energy systems
focused on renewable technologies. Solar thermal collectors, photovoltaic systems and heat
pumps were included in an Energy Hub for meeting the heating, cooling and domestic
hot water energy demand. Optimal decisions were achieved by formulating Mathematical
Programming models in GAMS, for minimizing economic, energy and environmental
parameters of the systems under a life cycle perspective. The proposed methodology was
implemented in a residential building case study. Results show that combining heat pumps
with photovoltaics is preferable for all of the examined criteria, while a sensitivity analysis
of the economic, energy and environmental parameters, influencing the energy mixture,
leads to optimal solutions with the participation of different energy systems.

Keywords: building energy efficiency; optimal decision making; multi-energy systems;
multiple criteria optimization; energy hub; mathematical programming

1. Introduction

Social development and rising economies worldwide are considered as key motiva-
tional aspects for governments to ensure independence on covering energy requirements.
Additional concerns, like the increase in energy demand, rising oil prices and fossil fuel
depletion, highlight the need for energy security under the perspective of affordable and
sustainable energy pricing and access. This is indicative for the electricity supplies and
other energy-intensive uses, as the electricity sector seems to present a rising growth in
global energy consumption, increasing its share of penetration from 15% in 2000 to around
19% in 2017 [1]. In 2022, in the European Union (EU), the share of electricity in total
energy consumption was 23%, second to the rating of all energy products. All above are in
line with the energy goals of mitigating greenhouse gas (GHG) emissions and exploiting
technologies utilizing renewable energy sources (RESs). This is characteristic in EU 2022,
as renewable energy contributes to the highest share (43%) in energy consumption [2].
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Among all energy consumers (industry, transport, agriculture, etc.), the building
sector represents a significant portion of nearly one-third of global energy use, and a great
contribution to GHG emissions. In fact, building operations account for approximately 55%
of global electricity demand, although the goals of the Paris Agreement propose a decrease
by 45% by 2030 of the building energy usage, which necessitates an annual rate that is five
times greater than the progress made in recent years [3,4]. Furthermore, the building stock
in the EU is responsible for about 40% of total energy consumption [5,6], and accounts
for about 36% of total GHG emissions too [7]. This is due to estimations mentioning
that almost 75% of existing buildings are considered as energy inefficient because of their
high energy consumption for heating, cooling, lighting, etc. [8]. This value was higher
(97% of EU buildings) when the decarbonization goals of 2050 were considered [9], even
if the contribution of the residential sector towards emission reduction targets, with a
34% reduction between 2005 and 2022, was achieved [10]. Also, the current rate of deep
energy renovation for achieving primary energy savings (beyond 60%) and high energy
performance in buildings stands at 0.2%, which is far away from the goals of achieving 55%
GHG emission reduction (compared to 1990) by 2030 and carbon neutrality by 2050 [11].
Also, deep building energy renovations, which account for 70% of the total, should increase
to a rate of 3% [12].

The EU has developed a comprehensive series of initiatives and directives, considering
the improvement of building energy efficiency and decarbonization, progressing toward
climate neutrality by 2050. In this context, the Clean Energy Package was introduced
in 2018, focusing on accelerating the energy transition in Europe by improving building
energy efficiency and integrating RES, as well as setting requirements for new constructions
to meet nearly zero-energy standards [13]. This package includes relevant directives and
regulations, such as the Energy Efficiency Directive (EED), mentioning the reduction of
energy demand through energy savings targets, and the Energy Performance of Buildings
Directive (EPBD), focusing on improving building energy efficiency through retrofitting
and energy renovations, while outlining a comprehensive vision of the complete electrifi-
cation of residential buildings’ energy uses, as depicted in its recent recast [14]. Also, the
Renewable Energy Directive (RED) promotes the integration of RES, and the Governance
Regulation (GOV) establishes frameworks for national energy and climate plans (NECPs)
to monitor progress toward EU targets (especially for 2030).

In the same concept, the COVID-Related Recovery Plan for Europe provided funds
for sustainable recovery. This plan includes several programs focusing on building energy
renovation through initiatives, such as the EU Green Deal, the Renovation Wave and
the “Fit for 55” package, setting strategic priorities for the 2019–2024 period [13]. More
specifically, the EU Green Deal provides an extensive roadmap for GHG neutrality by
2050 considering several sectors (economy, environment, energy, mobility, agriculture, etc.),
aiming to conserve, while also enhancing, the EU natural capital, and protecting citizens
from environment-related risks and impacts too. It is recognized that the building sector is
important for the decarbonization effort, setting goals such as doubling energy renovation
rates, mitigating energy poverty, and generating green jobs [15]. This led to the “Fit for
55” package being released in 2021, which includes revisions of the EPBD, EED and RED,
essentially aligning them with the targets of reducing GHG emission by 55% by 2030. The
main provisions included in this package consider the transition from nearly zero-energy
buildings (NZEBs) to zero-emission buildings (ZEBs), the introduction of Building Renova-
tion Passports, the definition of lifecycle GHG emissions and the identification of Minimum
Energy Performance Standards (MEPSs) for significant building retrofitting. In addition,
the Renovation Wave initiative, which was launched alongside “Fit for 55”, was set under
the perspective of the Green Deal [16]. This initiative focuses on the decarbonization of
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the building sector, emphasizing heating and cooling systems for public and residential
buildings and addressing energy poverty too. It also provided financial and technical
assistance for strengthening the incentives for large-scale renovations. The REPowerEU
Plan, introduced in 2022, enhanced the beforementioned goals by reducing dependence on
fossil fuels (including natural gas) and scaling up the deployment of RES and electrification,
considering the energy crisis caused by geopolitical tensions [17].

Considering the energy problem in the building sector, as well as the goals and
measures set into several initiatives, the necessity for implementing advanced energy-
management strategies and technologies is highlighted. Interventions in building envelopes
via the implementation of different energy-saving measures (ESMs), such as enhancing
thermal insulation, as well as the decision-making for the energy systems (energy supply
systems, ESSs) to meet energy demand (heating, cooling, air conditioning and electricity)
are considered crucial parameters for improving building energy efficiency. The decisions
made for ESMs and ESSs are essential for the development of efficient energy-management
strategies, influencing building sustainability and performance throughout its entire life-
cycle, especially when decisions were made in the early design stages. In this context,
considerable efforts have been devoted to improving building energy efficiency through
different strategies by examining several factors, such as indoor and outdoor climate, build-
ing fabric, energy systems, the behaviour of the occupants, etc., under the perspective of
economic, energy, environmental, sustainable, technical, social and many other aspects.
Such examples include the integration of renewable-based technologies into buildings [18],
the use of high-performance energy systems and devices [19], the development of inno-
vative design methods [20], like multi-energy systems and Energy Hubs (EHs) [21,22],
the creation of appropriate mathematical models describing aspects from building opera-
tion [23], the assurance of indoor thermal comfort through energy-efficient solutions [24],
the improvement of thermal insulation in building envelopes [25], and more.

All of the above formulate a multi-parameter decision-making problem for building
design, where different alternatives should be examined under an optimization process [26].
Such processes can be described as an attempt to find the optimal values for a set of vari-
ables (decision variables), while satisfying various constraints, under the optimization of
specific objectives. Different optimization methods can be combined with several dynamic
simulation tools such as EnergyPlus 24.2.0 and TRNSYS® 18.05.0001, in order to manage
complex design spaces and identify optimal solutions [27–29]. The development of multi-
energy systems, combined with the concept of EHs, provides a solution for implementing
optimization methodologies in building thermal design. EHs set the coupling of different
energy carriers, under the perspective of importing, producing, converting and storing dif-
ferent types of energy, while its respective optimization process proposes optimal decisions
considering the selection of different energy systems.

The growing environmental and energy concerns mentioned above highlight the need
for adopting the concept of multi-energy systems, combining multiple energy sources
(conventional and renewable) with different energy uses. This is indicative in the literature,
where the deployment of integrated electricity and heating systems seems to be a strategic
response. For example, in [30], a novel method for providing an optimal time-scaling
matching for integrated electricity and heating systems was developed, while in [31], the
integration of gas-grid models into simulation tools for capturing their operation was
depicted. Furthermore, the concept of multi-energy systems and their coupling with the
EHs in optimization problems for the building sector is commonly used, especially under
modelling, operation and planning issues. In [32], a literature review on the status of
multi-energy systems, together with evaluation methods for the penetration of RESs in the
building sector is presented. Moreover, ref. [33] modelled a multi-energy system to meet
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the thermal and electrical needs of 40 residential buildings, utilizing solar and wind energy,
as well as a cogeneration unit. Furthermore, ref. [21] developed an EH with multi-energy
systems for optimizing the design of a residential building. The systems examined were
photovoltaic systems, a gas condensing boiler, heat pumps, photovoltaic thermal collectors
and electric chillers, with the aim of minimizing investment costs and the use of non-
renewable sources. A novel strategy for residential and commercial EH optimization was
developed in [34] by integrating specific demand response programs and time-of-use tariffs
for achieving cost minimization and improvement in resource scheduling considering
uncertain conditions. Similarly, ref. [35] proposed a multi-objective optimization control
strategy for EHs within multi-energy systems. They aimed at distributing thermal and
electrical loads in an efficient manner, opting for balanced solutions between economic
and environmental criteria. Also, ref. [36] proposes an energy management strategy for
the operation of integrated electricity and heating systems in intelligent buildings (the
interconnection of photovoltaic and heat pumps), for meeting conventional electrical and
heating loads of buildings. The objective was the minimization of the overall system cost,
considering alternative scheduling scenarios for energy supply and demand.

The literature mentioned above highlights the need to develop reliable and flexible
decision-making methodologies for improving the process of building thermal design and
enhancing their efficiency. Also, the concept of connecting EHs with multi-energy systems
under optimization processes is used in many studies, where the use of integrated electricity
and heating systems is highlighted, especially for defining management strategies for their
operation. Many studies focus on obtaining cost-effective operation schemes, considering
the energy production side under optimal multi-energy coordination [37,38]. Net-metering
is a simpler approach for energy management, utilized in this study. More specifically,
net-metering is a regulatory financial mechanism designed to promote the adoption of
photovoltaic systems by enabling a bidirectional flow of electricity between the grid and
consumers, under energy management. The surplus electricity produced by photovoltaics
is fed back into the utility grid, while, when such production is limited, the electricity
demand can be met by the grid. The net-metering strategy is based on balancing electricity
production and consumption, reducing the dependency on the grid.

Although most of such studies can integrate dynamic simulations, their goal is limited
to one criterion, like the minimization of the overall economic costs. However, the proposed
methodology implements a decision-making process, considering several criteria, giving
a life cycle perspective too. More specifically, this study is focused on renewable-based
multi-energy systems, following the EU goal of increasing the use of RESs. In this con-
text, heat pumps, combined with photovoltaic systems or the electricity grid and solar
thermal collectors, were examined, giving a life cycle perspective on their construction
and operation, which is an added value for such studies. In addition to this, the present
analysis incorporates a novel model utilizing the f-chart method for sizing the solar thermal
collectors. The main scope of this study is to provide optimal decisions for the sizing and
operation of systems, in order to meet the thermal energy demand of a building (space
heating and cooling and domestic hot water—DHW). The objectives of the optimization
include multiple conflicting criteria, considering economic, energy and environmental pa-
rameters under a life cycle perspective (embodied energy and GHG emissions), bolstering
the innovativeness of this study. The optimization process was based on the development
of Mathematical Programming (MP) models in the General Algebraic Modelling System
(GAMS), and the SCIP solver was used for providing the optimal solutions. The proposed
methodology was implemented to a case study multi-storey residential building. A sensi-
tivity analysis was conducted considering economic and environmental parameters, as well
as different primary energy factors, depending on alternative energy mixtures constituting
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the electricity grid, performing an innovative investigation. Finally, the optimal decisions
resulting from the GAMS were compared with the ones provided by a brute force analysis.

2. Materials and Methods

2.1. Framework of the Decision-Making Process

The overall framework of the proposed decision-making methodology considers
several essential steps, as depicted in Figure 1, in order for the optimal solutions to be
provided, upon the concept of improving economic, energy and environmental aspects
of building energy systems. The first key parameters include identifying the geometric
and thermal properties of the building envelope. The utilization of an energy simulation
tool, considering the beforementioned characteristics of the building and the climatic
conditions, are essential for calculating the energy demand for heating, cooling, DHW,
etc. Afterwards, the architecture of the EH should be formulated, including the key
parameters characterizing the thermal behaviour of the building envelope, as well as the
basic aspects of the multi-energy systems involved. The concept of the EH incorporates
an optimization methodology, considering alternative criteria for minimizing economic,
energy and environmental aspects. The arising optimization problem was approached by
developing MP models in GAMS, in order for the optimal decisions to be defined.

 

Figure 1. Framework of the proposed decision-making methodology.

2.2. Building the Case Study

The case study building is a 4-storey residential building, with a total floor plan surface
area of about 390 m2 (Figure 2). The basic geometric characteristics are presented in Table 1.
The building was constructed in Thessaloniki, Greece, which is considered to belong to
climatic zone C, according to the Greek EPBD for climatic zone C [39]. The U-values of the
basic building envelope components are presented in Table 2, leading to a well-insulated
building (Um = 0.74 W/m2K).
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Figure 2. Floor plan of a typical storey of the case study building.

Table 1. Geometric parameters of the case study building envelope.

Geometric Parameters Values

Height (m) 12
Floor area (m2) 390.5

Volume (m3) 1171.5
Façade surface (m2) 667.5

Window surface (m2) 41

Table 2. U-values of the basic building envelope components.

Components U-Values (W/m2K)

External wall 0.6
Floor 0.85
Roof 0.55

Windows 2.4

Considering the beforementioned values for the building examined in this study, an
energy simulation tool, called TEE KENAK, was used for calculating heating/cooling and
DHW energy demand on a monthly basis, excluding energy systems. This tool follows the
methodology provided by Greek EPBD, considering simulation data and parameters as set
in [39]. Figure 3 presents the results of the simulation, highlighting that cooling demand is
higher than the heating demand. This is due to the climatic conditions and the building
thermal properties considered, as well as due to the assumption of no shading during the
year. Also, defining the power demand for sizing the energy systems for each energy use is
an important factor in building energy analysis. For this reason, the worst-case scenario for
the climatic conditions was considered, calculating 25.1 kW for heating and 16.3 kW for
cooling. Similarly, the power for the DHW is calculated at 1.8 kW, assuming 5 h of system
daily operation to fully meet the needs, as defined in the technical guidelines provided
in [39].

117



Energies 2025, 18, 1541

 

Figure 3. Building energy demand for space heating, cooling and hot water uses on a monthly basis.

2.3. Multi-Energy Systems Parameters

The proposed multi-energy systems configuration is focused on enhancing the RES
penetration for meeting building energy demand. In fact, air–water heat pumps, solar
thermal collectors and photovoltaic systems were included, as well as the interconnected
electricity grid. It is noted that the analysis excludes the impact of different terminal units,
as well as the temperature of the working medium, on energy recovery efficiency, assuming
that the proposed solutions are capable of meeting the energy requirements.

For each system and their energy sources, the basic techno-economic, energy and en-
vironmental parameters, considering life cycle aspects as well, should be clarified. More
specifically, the economic parameters include the operational costs provided by the consump-
tion of the respective energy sources, as well as the costs of installing the proposed energy
systems. In addition, the energy parameters account for the primary energy factors, consid-
ering the origin of the energy sources during energy system operation. Moreover, they take
the embodied energy of the systems into account. This corresponds to the cumulative energy
consumption originating from fossil fuels and RESs across several life cycle stages up to the
system construction. Similarly, the environmental aspects incorporate the equivalent CO2

emissions during the operation of the energy systems and the embodied emissions coming
from the construction life cycle stages. The estimated impact values of the embodied energy
and emissions of the examined energy systems resulted from a life cycle assessment (LCA)
analysis conducted in [40,41]. In these studies, the construction of the inventory database
was made by utilizing the “Ecoinvent” database and the Environmental Product Declaration
(EPD) [42]. Also, the “CML 2 Baseline 2000” and cumulative energy demand (CED) methods
were implemented for defining the results of energy and environmental impacts [43,44].

Regarding the technical characteristics of the energy systems examined, their lifetime
duration and their efficiency were considered. For the calculation of the coefficient of
performance (COP) of the heat pump, an empirical equation was used, as provided in [45]:

COP = 0.001·ΔT2 − 0.1534·ΔT + 7.3775, (1)

where ΔT represents the difference between outdoor air temperature and the outlet temper-
ature of the working medium (water), which is assumed to be 35 ◦C and 15 ◦C for heating
and cooling, respectively; underfloor heating and cooling are considered for attributing
thermal energy to the building.

118



Energies 2025, 18, 1541

Also, the f-chart method, developed by Duffie and Beckman, was utilized for sizing
a flat plate solar thermal collector (Table 3). This approach is widely used to evaluate the
annual thermal performance of active heating systems in buildings, as it offers reliable
results and has a relatively easy implementation; the minimum temperature of energy
delivery is around 20 ◦C [46]. In more detail, it provides a fully developed methodology for
calculating the solar thermal fraction of meeting heating and DHW demand for a specific
solar heating system. There are some key variables considered as essential for the f-chart
method. The primary design variable seems to be the area of the solar collector, while
the secondary variables include the collector types, storage capacity, fluid flow rates and
collector heat exchanger sizes. Two dimensionless variables (X, the ratio of collector losses
to heating loads and Y, the ratio of absorbed solar radiation to heating loads), resulting
from several correlations, were introduced, in order for the fraction of the monthly heating
load supplied by solar energy to be estimated.

Table 3. Basic design parameters of a flat plate solar thermal collector [47].

Solar Collector Parameters Values

Thermal performance curve slope—FRUL 4 W/m2K
Thermal performance intercept—FR(τα)n 0.75

Coefficient for collector location—τα/(τα)n 0.96
Heat exchanger coefficient—F’R/FR 0.95

Storage tank volume per collector area—M 75 L/m2

It should be mentioned that the f-chart method primarily applies to systems designed
to meet DHW demand and a small percentage of heating demands, as defined in [46].
However, in the proposed analysis, it was assumed that the f-chart could also predict
heating operation on a larger scale, considering the presence of underfloor heating, setting
a balance between the temperature levels of demand (load) and supply (collector operation).

Surrogate polynomial models were developed in ALAMO (Automatic Learning of
Algebraic Models) [48] for simulating the operation of the solar thermal collector, consid-
ering the results of the f-chart implementation. More specifically, these models, which
are essential for the optimization process, calculate the collector area as a function of the
fraction of the heating load supplied by solar energy. The process of creating such surrogate
models was performed to provide models that maximize R2, which represents the variabil-
ity explained by the model, considering the total number of deviations and minimizing the
root mean square error (RMSE).

Considering all of the above, the technical, economic, energy and environmental
parameters utilized in the proposed study were presented in Tables 4 and 5. It is noted
that a sensitivity analysis was conducted for the parameters dealing with the electricity
grid, considering the share of RES technologies in the energy mixture. In more detail, the
primary energy factor of 2.1 and the GHG emission factor of 0.6 kg CO2/kWh correspond
to an energy mixture of Greece in 2019, with a share of 33.2% RESs, while the values of 1.8
and 0.2 kg CO2/kWh, respectively, refer to an increased penetration of RESs in the energy
mixture, as anticipated for the future (years 2028–2030) [49–51].

Table 4. Economic, energy and environmental operational costs for the energy sources [39,49–51].

Energy Sources
Economic Costs

(EUR/kWh)
Primary Energy

Factors
GHG Emission

Coefficients (kg CO2/kWh)

Solar Energy 0 0 0
Electrical Energy 0.12/0.19 2.9/2.1/1.8 0.989/0.6/0.2
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Table 5. Technical, economic, energy and environmental parameters for energy systems.

Energy System
Parameters

Heat Pump Solar Collector
Photovoltaic

System

Efficiency 4/4.3 1 f-chart 0.2
Life Duration (years) 25 25 25

Installation Costs 600 EUR/kW 380 EUR/m2 250 EUR/m2

Energy Costs 142 kWh/kW 103 kWh/m2 192.5 kWh/m2

Environmental Costs 337 kg CO2/kW 1890 kg CO2/m2 1022 kg CO2/m2

1 The values represent the COP and EER for the heat pumps, respectively.

2.4. Energy Hub Formulation

The multi-energy systems described above were used in order to connect the energy
sources with the building energy demand. This link is essential for determining the energy
consumption, leading to economic, energy and environmental costs. For this reason, the EH
concept was utilized, representing such connections, with its main goal being to provide
optimal decisions considering the installation and operation of the energy systems under
the objectives of minimizing economic, energy and environmental life cycle costs. In more
detail, the formulation of the proposed EH includes the energy sources as input parameters
and building energy demand as output parameters. The energy systems compose the
converters in the EH concept.

This concept is illustrated in Figure 4, where electrical and solar energy are proposed
to supply multi-energy systems for meeting building demand for space heating, cooling
and DHW. More specifically, solar thermal collectors are proposed to cover heating or
DHW demand, while heat pumps could be used for space heating, cooling and hot water.
The electrical energy consumed by the heat pumps can be supplied either by photovoltaic
systems or by the electricity coming from the grid. All of these decisions describe an
optimization problem for defining the participation level of each of these systems in order
to meet the relative building energy requirements. The optimal decisions for each criterion
are made under an annual analysis, providing solutions for the systems’ participation to
fully cover the energy demand of the case study building.

Figure 4. Description of the proposed building energy hub.
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2.5. Optimization Problem

The formulation of such an EH, including multi-energy systems, creates an optimiza-
tion problem for providing decisions on energy system installation and operation for each
energy use. In this context, an MP problem was developed in order to find the optimal
solutions by defining the relationship between key variables and constraints for achieving
specific objectives, like minimizing the economic, energy and environmental costs of the
systems. The following aspects are essential for MP model formulation, as also presented
in Figure 5.

 

Figure 5. Description of the basic aspects that formulate an MP model.

1. Constant parameters include all of the fixed values that are considered to be un-
changed when solving the optimization problem.

2. Design variables describe the optimization factors for the decision-making process
and providing optimal solutions.

3. Objective functions formulated by mathematical expressions include design variables
and determining the goals of the optimization problem, i.e., the optimization criteria.

4. Constraints impose the boundaries or the limitations or the requirements of the design
variable in the optimization problem.

5. Mathematical techniques define the type of the optimization problem (linear, integer,
etc.) and select the appropriate solver for finding the optimal solutions.

2.5.1. Constant Parameters

These parameters include building energy demand and power, as presented in
Section 2.2, as well as all of the technical, economic, energy and environmental aspects for
the energy sources and the systems included in Section 2.3. In more detail, economic costs,
primary energy factors and GHG coefficients were depicted in Table 4 for electricity, defin-
ing the operation costs for each optimization criterion, combined with energy consumption.
Also, Table 5 presents the values of installation costs, embodied energy and embodied
GHG emissions of the examined energy systems. Such values correspond to the installation
costs for each optimization criterion, combined with the size of the energy systems (in kW
or m2). Such values describe the optimization goals, formulating the objective functions for
the economic, energy and environmental criteria.

2.5.2. Design Variables

The optimal decisions are made according to the results provided by the design
variables. The key variables in this problem provide the energy systems’ participation (εj

i),
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considering their proper operation and installation for meeting building energy demand.
More specifically, these variables are related to the operation of the heat pumps connected
to the electricity grid, as well as to the sizing of the solar thermal collectors and the
photovoltaic systems. So, the range value of these variables is (0,1). However, the sizing of
the heat pumps should be defined by a binary variable (bj

i=HP) in order for the full demand
size to be considered. The beforementioned design variables and the referring indexes are
presented in Table 6.

Table 6. Definition of the design variables.

Design Variables Values Definition

ε
j
i

Non-negative [0,1] The participation level of the energy
systems’ operation

bj
i=HP

Binary (0 or 1) The participation of the energy
systems’ installation (HP)

i represents the energy systems examined, i.e., heat pump (HP), solar thermal collector
(SC) and the photovoltaic system (PV)

j represents the energy uses; thus, the building energy demand for space heating (H),
cooling (C) and domestic hot water (DHW)

2.5.3. Objective Functions

The optimization criteria investigated in this study focus on minimizing the economic,
energy and environmental parameters, as analysed in Section 2.3, considering heating,
cooling and hot water energy demand. The form of the objective functions used in this
study is presented in Equation (2).
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(2)

where

• Cost (EUR): The total annual economic costs including systems’ operation and installa-
tion, which are set for minimization.

• Ener (kWh): The total annual energy costs including systems’ primary energy con-
sumption and embodied energy, which are set for minimization.

• Envir (kg CO2): The total annual environmental costs including systems’ GHG emis-
sion during operation and the embodied emissions, which are set for minimization.

• InstCost (EUR/kW or m2): The installation costs of the systems (Table 5).
• EmbEner (kWh/kW or m2): The embodied energy of the systems (Table 5).
• GHGEm (kg CO2/kW or m2): The embodied GHG emissions of the systems (Table 5).
• OpCost (EUR/kWh): The economic costs resulting from the systems’ operation

(Table 4).
• PrEner (-): The primary energy factors for the grid electricity (Table 4).
• OpGHGEm (kg CO2/kWh): The environmental costs, i.e., the GHG emitted during

systems operation (Table 4).
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• LDi (years): The life duration of the energy systems examined (Table 5).
• Qj

dem (kWh): The building energy demand for each energy use (j).
• Pj

dem (kW): The power demand for each energy use (j).
• Hsol (kWh/m2): The incident solar irradiation.
• nPV, COPj: The efficiency of the photovoltaic systems and the coefficient of perfor-

mance of the heat pumps (Table 5).

2.5.4. Constraints

For finding feasible solutions, the design variables should be constrained, considering
the following aspects.

• The design variable defining the participation level of the energy systems should be
limited to a lower bound of 0% and an upper bound of 100%.

0 ≤ ε
j
i ≤ 1 ∀i, j, (3)

• The energy demand for each energy use should be fully met by at least one energy
system.

∑ iε
j
i = 1 ∀j, (4)

• The installation of the heat pump should be considered only when its participation is
preferable by the optimization criteria.

ε
j
i=HP ≤ bj

i=HP ∀j, (5)

2.5.5. Mathematical Techniques

GAMS is a computational tool specialized in formulating MP problems, while it
incorporates several solvers for providing optimal solutions. The proposed MP problem
was modelled in GAMS, as a Mixed Integer Non-Linear Problem, and the SCIP solver was
used to find optimal solutions [52].

In addition, scripts in Python 3.10.6 were developed, conducting a brute force analysis
of the proposed problem. The process starts with the calculation of all of the possible
combinations of the energy systems examined, with an analysis level of 0.1%. This results
in almost half a million combinations, which are used for calculating economic, energy and
environmental costs, describing the optimization criteria. The above brute force process of
investigating the optimal solutions is directly associated with the level of analysis, which
specifies the number of the alternative scenarios examined. This is the reason for making
brute force analysis intractable and time consuming. However, the process described above
was implemented for the optimization problem of this analysis, in order to compare the
optimal solutions provided by GAMS. With the analysis level at 0.1%, the brute force
analysis leads to results similar to the ones provided by GAMS.

3. Results

3.1. Optimization Results of the Proposed EH

The optimization results show that the criteria examined are not conflicting with each
other. In more detail, the minimization of economic and energy costs leads to the same
optimal solution, while in the environmental criterion, a small differentiation was depicted.
This leads to smaller GHG emissions, but higher economic and energy costs, as presented
in Figure 6.

Building energy demand for heating, cooling and DHW are fully covered by 27 kW
HP combined with 25.5 m2 PV, under net metering. This is the optimal decision considering
the economic and energy criteria. When the mitigation of GHG emissions is set as the
optimization objective, the previous solution of 27 kW HP is now connected with 25 m2 PV
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to fully meet the heating and cooling demand, while 1 m2 SC is preferable for meeting the
DHW demand. The participation level of the SC is 30% for the DHW demand, and the rest,
70%, is covered by the HP.

 

Figure 6. Optimization results for the proposed EH, considering all of the criteria examined.

Also, it is important to mention that these optimal solutions are the same when the
electricity costs are reduced to 0.12 EUR/kWh, as well as when the values of primary energy
and GHG coefficients are lower (2.1/0.6 or 1.8/0.2), considering a more renewable-based
energy mixture for electricity [50,51].

Also, a more detailed analysis of the optimal economic values was conducted by
inserting constraints in the optimization problem. Such analysis examines the basic alter-
native scenarios for meeting the energy demand of the building (heating/cooling/DHW),
considering two values for the electricity cost. In this context, Figure 7 presents the dis-
tribution of the economic costs of these scenarios. More specifically, it appears that the
minimum costs arise with the PV dominance, while the participation of SC (mainly in
heating) causes an increase in costs, highlighting a great potential for economic savings.
Also, economic solutions are provided when HP–PV are combined for meeting heating
and cooling demand, and with SC for the DHW demand. This is due to the lower energy
requirements for DHW, compared to the other two energy uses. Last but not least, the
solution of HP-ElGrid seems to be economically advantageous in several cases, compared
to renewable-based scenarios, especially when the price of electricity is lower.

Considering the other two criteria (energy and environmental), the distribution order
for the 18 basic scenarios is different from the one in the economic criterion, especially
when minimizing the GHG emissions (Figure 8). The primary energy factors and the GHG
coefficient considered in this analysis are 2.1 and 0.6 kg/kWh CO2, respectively. Results
show that for the environmental criterion, the scenarios with the highest GHG emissions
are those with the highest participation of the HP-ElGrid systems. While the renewable-
based technologies (PV and SC) dominate, the environmental footprint decreases. The
distribution order of these scenarios in the energy criterion is in line with the one in the
economic criterion, apart from some exceptions of HP-ElGrid dominance that seem to
be preferable.
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Figure 7. Optimal results of several basic scenarios, considering all the economic criterion.

 

Figure 8. Ascending distribution order of the 18 basic scenarios for each optimization criterion.

3.2. Optimization Results of the EH Without PVs

The analysis was expanded to cases where PVs are totally excluded from the proposed
EH, so the energy demand can be met either by SC or by HP (connected to the electricity
grid) or by a combination of these two alternatives. This is important in order for a
more comprehensive analysis to be carried out, providing multiple optimal results for the
different criteria examined. For this reason, implementing a sensitivity analysis for the
economic, energy and environmental parameters for the electricity from the grid (ElGrid),
seems to be essential for the decision-making process.

In Table 7, the optimal decisions of the participation level of each energy system are
presented, considering all of the criteria examined. The economic, energy and environmen-
tal parameters of the ElGrid are set as 0.19 EUR/kWh, 2.9 and 0.989 kg CO2/kWh. Results
show that the HP-ElGrid (27 kW) is dominant for the economic criterion, while when
minimizing the energy and environmental costs, the participation of the SC is increased,
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especially for heating and DHW uses. This leads to higher economic costs, as depicted in
Figure 9, which displays high conflict between the optimization criteria.

Table 7. Optimal results of energy system participation for the EH excluding PVs, considering all of
the energy uses and optimization criteria.

Optimization
Criteria

Economic Energy Environmental

Heating 100% HP-ElGrid 51.6% HP-ElGrid
48.4% SC (36 m2)

12.6% HP-ElGrid
87.4% SC (140.5 m2)

Cooling 100% HP-ElGrid 100% HP-ElGrid 100% HP-ElGrid

DHW 40% HP-ElGrid
60% SC (2.5 m2)

18.8% HP-ElGrid
81.2% SC (5.5 m2)

4.6% HP-ElGrid
95.4% SC (14.5 m2)

 

Figure 9. Optimization results for the EH excluding PVs, considering all of the criteria examined.

In addition, when decreasing the cost of electricity (0.12 EUR/kWh) in the economic
criterion, the participation of SC for meeting the DHW demand drops to 41.9% (1.5 m2).
This leads to lower economic costs (23% reduction), but an increase is depicted in the
energy and environmental costs (1.5–2% increase). The optimal results for the other criteria
remain the same, as there is no change in energy or environmental parameters.

Considering a sensitivity analysis of the values of primary energy factors and environ-
mental costs for the electricity, the optimization results propose minimum dependence on
the SC when the energy mixture is based on RESs. This is indicative for the energy and en-
vironmental optimization criteria, leading to high participation rates of the EL-Grid. Such
results are presented in Table 8, including the economic, energy and environmental costs,
as well as the sizing of the energy systems installed. These are the optimal results for each
optimization criterion, considering a constant value of electricity cost (0.19 EUR/kWh) and
different values for primary energy factors and environmental costs. More specifically, the
optimal decisions for the economic criterion are the same for the three scenarios of energy
mixture; nevertheless, the energy and environmental values decrease in a renewable-based
energy mixture. This pattern corresponds to the energy and environmental criteria too,
but the decisions provide the mitigation of SC in renewable-based energy mixtures, which
leads to lower economic costs.
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Table 8. Optimal annual results of energy system participation for the EH excluding PVs,
through a sensitivity analysis of primary energy factors (2.9/2.1/1.8) and environmental costs
(0.989/0.6/0.2 kg CO2/kWh), considering the (a) economic, (b) energy and (c) environmental opti-
mization criteria.

(a) Economic Criterion

Sensitivity Analysis
Parameters

Systems Economic Energy Environmental

0.19/2.9/0.989 1
27 kW HP-ELGrid

2.5 m2 SC
EUR 1794

17,514.5 kWh 5947.6 kg CO2
0.19/2.1/0.6 1 12,835.3 kWh 3672.4 kg CO2
0.19/1.8/0.2 1 11,080.6 kWh 1332.7 kg CO2

(b) Energy Criterion

Sensitivity Analysis
Parameters

Systems Economic Energy Environmental

0.19/2.9/0.989 1 27 kW HP-ELGrid
41.5 m2 SC EUR 2082 15,870.3 kWh 4549.9 kg CO2

0.19/2.1/0.6 1 27 kW HP-ELGrid
20 m2 SC EUR 1892 12,293.4 kWh 3209.8 kg CO2

0.19/1.8/0.2 1 27 kW HP-ELGrid
15.5 m2 SC EUR 1855 10,776.3 kWh 1243.7 kg CO2

(c) Environmental Criterion

Sensitivity Analysis
Parameters

Systems Economic Energy Environmental

0.19/2.9/0.989 1 27 kW HP-ELGrid
155 m2 SC EUR 3569 20,796.4 kWh 3766.7 kg CO2

0.19/2.1/0.6 1 27 kW HP-ELGrid
120.5 m2 SC EUR 3084 16,180.6 kWh 2563.1 kg CO2

0.19/1.8/0.2 1 27 kW HP-ELGrid
49.5 m2 SC EUR 2172 11,448.6 kWh 1172 kg CO2

1 Electricity cost (EUR/kWh)/primary energy factor (-)/environmental cost (kg CO2/kWh).

Comparing the alternative optimal solutions of Table 7 and the solution with the
participation of PVs (Section 3.1), it is important to mention that when minimizing the
economic costs, the optimal solution without PVs is the one provided by renewable-based
energy mixtures. This leads to low values of energy and GHG emissions.

4. Conclusions

In this study, a decision-making methodology has been proposed, considering building
energy design. More specifically, the EH concept was implemented in a building in
order to optimize multi-energy system installation and operation in the scope of building
energy demand satisfaction. The optimization was conducted under the principles of MP,
considering economic, energy and environmental criteria with a life cycle perspective.

The analysis showed that the application of the optimization process in the design of
multi-energy systems highlights the investigation of multiple parameters, such as technical,
economic, energy and environmental ones. Also, different limitations upon the energy
sources can be easily considered, providing the possibility of evaluating the optimal
results too. Last but not least, the concept of EH is important for incorporating different
simulation models, like f-chart, in order to provide a more accurate analysis. Additionally,
the optimization with MP seems to be less time consuming than brute force investigations,
where a huge number of alternative scenarios should be considered.

The proposed RES-based EH, which is considered as a tool of energy management,
highlights the ability of buildings to be prosumers, thus consumers and producers con-
currently. This is indicative for the optimal results, as the combination of heat pumps and
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photovoltaic systems under net metering seems to be preferable for all of the examined
criteria. However, in cases in which the economic costs or the primary energy factors of the
electricity from the grid were decreased, the optimal decisions of HP and PV remained. This
is a useful conclusion for highlighting the importance of buildings’ self-energy production,
rather than transforming the energy mixture for electricity, which is essential in cases where
the installation of PVs on buildings is forbidden. More specifically, the sensitivity analysis
for the primary energy factors in an EH where the PVs were excluded showed that with
more RESs in the energy mix, there were lower energy and environmental costs.

All in all, optimization models can enhance and streamline the building design pro-
cess by assessing the advantages and drawbacks of different energy systems, enabling a
comparative analysis of the available alternatives too. The proposed methodology can
easily be implemented to different building types and climatic condition scenarios (future
research), affecting the values of the economic, energy and environmental costs, upon the
same pattern of optimal decisions. The current analysis was limited to an annual analysis
for decision-making, considering data on a monthly basis. Future research could extend
the proposed methodology to a shorter time-step analysis (daily and hourly), enabling the
prediction of the dynamic operational behaviour of the energy systems, considering their
efficiency degradation, especially for PV systems, and a more comprehensive strategy for
their operation. In this context, it is important to use relevant approaches dedicated to space
heating, especially for solar collector operation, that are based on validated simulation
results. This is a meaningful task for future work, indicating a suitable form for integrating
such approaches into the energy hub optimization concept. The incorporation of different
energy storage technologies, such as batteries, in the energy hub, seems to be crucial too.
Moreover, scenarios incorporating the fluctuation in energy demand and considering the
indoor temperature setting could enhance the resilience of the proposed analysis. Lastly,
thermal comfort parameters could also be examined in more detail, enhancing the impor-
tance of implementing multi-objective optimization methodologies through conflicting
criteria scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

EU European Union
GHG greenhouse gas
RES renewable energy source
EED Energy Efficiency Directive
EPBD Energy Performance of Buildings Directive
RED Renewable Energy Directive
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GOV Governance Regulation
NECPs National Energy and Climate Plans
NZEB nearly zero-energy building
ZEB zero-emission building
MEPS Minimum Energy Performance Standards
ESM energy saving measures
ESS energy supply systems
EH energy hub
LCA life cycle assessment
GAMS General Algebraic Modelling System
MP mathematical programming
U-values thermal transmittance coefficients
DHW domestic hot water
H space heating
C space cooling
CO2 carbon dioxide
EPD Environmental Product Declaration
CED cumulative energy demand
COP coefficient of performance
EER energy efficiency ratio
ALAMO Automatic Learning of Algebraic Models
RMSE root mean square error
HP heat pump
SC solar thermal collector
PV photovoltaic system
LD life duration
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Abstract: Optimizing building equipment control is crucial for enhancing energy efficiency.
This article presents a predictive control applied to a commercial building heated by a
hydronic system, comparing its performance to a traditional heating curve-based strategy.
The approach is developed and validated using TRNSYS18 modeling, which allows for
comparison of the control methods under the same weather boundary conditions. The
proposed strategy balances energy consumption and indoor thermal comfort. It aims to
optimize the control of the secondary heating circuit’s water setpoint temperature, so it
is not the boiler supply water temperature that is optimized, but rather the temperature
of the water that feeds the radiators. Limited data poses challenges for capturing system
dynamics, addressed through a black-box approach combining two machine learning
models: an artificial neural network predicts indoor temperature, while a support vector
machine estimates gas consumption. Incorporating weather forecasts, occupancy scenarios,
and comfort requirements, a genetic algorithm identifies optimal hourly setpoints. This
work demonstrates the possibility of creating sufficiently accurate models for this type of
application using limited data. It offers a simplified and efficient optimization approach
to heat control in such buildings. The case study results show energy savings up to 30%
compared to a traditional control method.

Keywords: model predictive control; heating system optimization; artificial neural network;
support vector machines; genetic algorithm

1. Introduction

1.1. Motivation

The rapid growth in energy consumption around the world has already raised supply
concerns. While prices are increasing, high CO2 emissions are causing severe climate
change and extreme weather disasters. A total of 36% of the global energy is consumed by
the buildings and construction sector, and it accounted for about 39% of process-related
carbon dioxide emissions in 2018 [1].

To improve energy efficiency in buildings, three ways are conceivable: the first refers to
the construction of high-energy-performance buildings with a low environmental footprint.
But the scope of this solution is limited by a low renewal rate. According to [2], the building
renewal rate is only 1.2% per year. The second is the retrofit strategy, which may lead
to high material, labor, and time costs [3]. The third way to improve energy efficiency is
optimizing the use of existing systems. Unlike new construction or renovations, which
require significant investments, the optimization of existing systems can be achieved at a
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lower cost. This approach focuses on adjustment and fine-tuning, often leveraging digital
solutions and control systems, eliminating the need for complete equipment replacement.
Many systems, such as heating, ventilation, air-conditioning, and lighting, can be optimized
to operate more efficiently. Optimizing a building’s systems is a strategy that can be
prioritized for a fast return on investment and tangible benefits for owners and occupants.
In the field of building systems optimization, some studies have proposed the optimization
of ventilation [4–6], while others have worked on the optimization of cooling systems [7–9].
In EU, HVAC systems account for 68% of the total energy consumption [10], and one of
the biggest energy-consuming elements in buildings are heating systems, especially in
cold and temperate countries. In France, heating systems represent 66% of the energy
consumed in residential buildings and 43% in commercial buildings. In basic operation
modes, as in ON/OFF mode, the building’s inertia is disregarded. More elaborate methods
such as PID controllers account for the building’s inertia during control operations but are
unable to anticipate disruptive factors like weather conditions or occupancy patterns. Both
methods can thus lead to situations of discomfort and/or an excess of energy consumption.
A more advanced and promising solution mentioned in the literature is the predictive
control strategy or Model Predictive Control (MPC) [11].

MPC refers to a class of advanced control algorithms which predict the future response
of a system based on an explicit model and optimize its future behavior [12]. The advantage
of MPC lies in the ability to integrate a variety of constraints directly into its optimiza-
tion process. This makes it particularly well-suited for managing complex systems like
building heating. One of the MPC strategies that is often prioritized is minimizing overall
energy consumption. MPC can also be configured to account for energy costs and variable
pricing depending on the time of day [13,14], as well as energy curtailment constraints by
reducing consumption during peak times [15] or prioritizing the use of renewable energy
sources [16].

1.2. Literature Review of MPC for Buildings’ Heating Systems

Several research studies aim to optimize the control of electric heating systems, such
as electric radiators or electric heat pumps, in order to improve thermal comfort and reduce
energy consumption. The control of these systems is achieved using a binary command:
either ON or OFF. In [17], a predictive strategy was employed to control an electric radiator
in a building under construction in France. Results showed thermal comfort in up to 67%
of the hours of occupation while consuming the minimum possible energy. About 50%
of energy savings were achieved in [18], where an MPC was implemented to control an
electric HVAC system, covering heating during winter and cooling during summer. In [16],
an MPC was implemented to reduce the electricity use by the heat pump of a heating
system, favoring the use of the photovoltaic system. The study focused on optimizing
energy usage remotely via cloud infrastructure. In [19], an MPC was implemented to
optimize the setpoint scheduling of an electrical heating system in a building.

In this paper, the approach is different, since the proposed strategy aims to control a
hydronic heating system in an office building, which represents the most common systems
in Western Europe according to [20], especially systems with gas boilers combined with
radiators. These boilers are the starting point of a heating circuit where the temperature of
the water supplying the circuit is controlled by control valves, usually three-way valves.
The setpoint temperature is transmitted to the control valves using a heating curve that
depends on the outdoor temperature. In fact, the temperature of the water that is actually
running in the system (the supply temperature) can deviate from the setpoint temperature
given to the control valves, and that can vary from one system to another, according to the
inertia and the thermal characteristics of the system. But, instead of measuring the supply
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water temperature, the strategy in this paper relies on the optimization of the setpoint
temperature that controls the heating system.

Many research studies have been conducted for the purpose of optimizing these
kinds of heating systems. Some of these works are performed with the implementation of
white-box models, using EnergyPlus coupled with an Ant Colony Optimization algorithm
to achieve a trade-off between computational time and solution quality [15]. Others, use
grey-box models for buildings. For instance, a Model Predictive Control of heating demand
in buildings connected to a district heating system is presented in [21]. Also, Chen and
You [22] implemented a nonlinear MPC to control a building’s climate involving renewable
energy sources. These kinds of models often require detailed data about the building, which
necessitates a large number of measurements. For example, an MPC using a Resistance-
Capacitance thermal model was implemented in [23] for the control of a heating system
in an office building which uses both floor and ceiling heating. The following measured
variables were used for the control methodology: indoor temperature of each zone, supply
and return temperatures, and some concrete core temperatures (heating circuits, one
sensor for each). Fielsch et al. [24] implemented an MPC for hydronic heating systems in
residential buildings. They also had to measure the supply and return water temperature,
the temperature of the radiators, and the water mass flow rate. In [25,26], an MPC was
presented for ceiling radiant heating. Both supply and return temperature had to be
measured in the works, in order to build a thermal RC model; they also used the difference
in supply and return temperature of the network to calculate the energy consumption of
the heating system, as well as the heating degree days index (HDD), which is a quantitative
index designed to reflect the demand for energy needed to heat a building. HDD was used
in [27] to calculate the heating demand as well. The results of the study showed that their
MPC strategy could save up to 19.69% of energy, compared to a traditional heating strategy.

Unlike the cited studies that rely on extensive measurements, this paper focuses on
optimizing a heating sequence by estimating the energy demand of the proposed strategy,
and this is achieved using black-box models to predict boiler gas consumption, addressing
the challenge of operating with limited data. This approach was also evoked by [28], where
a simplified prediction model for dynamic HVAC system loads was developed using the
Modelica-based Building Library and a linear aggregation method. The objective is to
minimize input requirements to basic, easily measurable parameters, addressing challenges
in obtaining detailed data during regional planning.

The choice of using black-box models is based on their ability to precisely model the
building, without any details or expertise in the building field. Black-box models based on
machine learning are used for building modeling, such as artificial neural networks [19,27,29],
support vector machines [30], random forests, or ensemble methods [31]. A predictive
strategy was implemented in [29] in order to control the water flow rate of a hydronic
heating system, using a Long Short-Term Memory network, a particular type of neural
network. The strategy proposed outperformed the conventional PID controller in the
studied building in terms of comfort, but the MPC still presented a delay in reaching
the setpoint temperature at the right time. In [19], an MPC was developed using an
artificial neural network for the control of scheduling heating set points in a building.
The simulations showed the MPC controller achieved 27% energy reduction as compared
to conventional control. Smarra et al. [32] applied random forests on real data for the
prediction of indoor air temperature, but they worked on an electrical heating system. The
MPC achieved up to 49.2% of energy savings compared to conventional heating strategies.
An SVM model-based MPC for energy demand prediction in [33] was implemented to
optimize the control variables of an urban system, to finally achieve around 37.57% of
energy savings in the winter.
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1.3. Objectives and Contribution of the Paper

This paper proposes a new control strategy for hydronic heating systems, focusing
on optimizing the setpoint temperature of the system’s control valve. This approach is
innovative not only because it relies on a minimal amount of sensor data, using only
information commonly available in buildings, but also because it combines two predictive
models (artificial neural network (ANN) and support vector machine (SVM)). So, on one
hand, there is no need for complex and expensive measurements of supply and return
temperatures or water flow rates, as the strategy relies solely on the heating system setpoint
temperature, which is the variable most commonly used for control purposes.

On the other hand, given the complexity of evaluating energy savings from different
control strategies (as noted by Široký et al. [25]), the proposed strategy employs two predic-
tive models. The first is an ANN that predicts the indoor air temperature, accounting for
weather forecasts and occupancy. The second model is an SVM that estimates the energy
consumption of the gas boiler. Both models are incorporated into the objective function of
the optimization algorithm, which not only satisfies comfort constraints but also reduces
energy consumption at the same time. The structure of this paper is as follows:

• Section 2 outlines the methodology of the Model Predictive Control (MPC), and its
application to a case study building;

• Section 3 presents the results, and a discussion is approached in Section 4.

2. Methodology of the MPC

This paper presents a predictive strategy MPC that anticipates any disruptive event
in the building, such as changes in the weather or occupancy scenarios, and optimizes
the control of the heating system. Optimization is a multicriteria aspect, and therefore, it
involves a compromise between perceived thermal comfort and energy consumption. To
achieve this, a building model capable of predicting the building’s response to different
weather conditions and heating scenarios is required.

The proposed strategy is based on a black-box structure using two models of the
building, where the first one predicts the indoor air temperature, and the second predicts
the energy consumption. An hourly timestep is considered, which is suitable for slow-
moving processes in HVAC systems [34]. As shown in Figure 1, the strategy is designed as
three nested loops.

 

Figure 1. Predictive control strategy diagram.
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1. Loop 1: Indoor air temperature and gas consumption prediction:

This loop turns for 24 iterations. It focuses on hourly predictions of the building’s
indoor air temperature and gas consumption over a 24-h prediction horizon (from timestep
t to t + 23). In this paper, the prediction is based on machine learning models, using
historical data of the building (such as indoor air temperature, outdoor air temperature,
gas consumption, heating setpoint temperature, horizontal radiation, and occupancy), the
weather and occupancy forecasts for the next 24 h, and the proposed heating setpoint
(sequence of 24 setpoint temperature values to be optimized). Using these input data,
the predicted indoor air temperature is generated by the ANN model, and the predicted
boiler’s gas consumption is generated by the SVM model, both over a 24-h prediction
horizon. Both models are explained in Section 4.

2. Loop 2: Multicriteria optimization:

Following a defined number of iterations, and according to defined constraints, a ge-
netic algorithm (GA) tests different heating setpoint temperature sequences and calculates
a score for each proposed 24-h heating scenario. Optimizing sequences of 24 continuous
values creates a large and complex search space, making genetic algorithms a justified
choice for this task.

The values of the predicted indoor temperature and gas consumption vary with each
tested scenario. Taking into account weather forecasts and occupancy, the genetic algorithm
uses the prediction models to assess the building’s response to each tested scenario (noted
«i») in terms of indoor temperature and energy consumption, and consequently to calculate
the final score of the objective function. The output of this second loop is the best solution
found by the genetic algorithm, corresponding to the heating scenario with the best score.
The calculation of this score is presented in Section 2.3.

3. Loop 3: Recalculation and receding horizon:

Once the best solution among those tested by the genetic algorithm is found, the
setpoint temperature value of the first timestep Tstp(t) is sent to the control, the resulting
indoor temperature and energy consumption values are collected to be injected back into
the prediction loop (Tin(t), Cgas(t)), and the optimization is run again for a prediction
horizon of 24 h, shifting by one timestep each time, forming a receding horizon of one hour.
Recalculating every hour allows the predicted values to be replaced by the actual measured
values of indoor temperature and gas consumption, therefore updating these values in the
loop. Consequently, this avoids the accumulation of potential prediction errors throughout
the prediction horizon.

Thus, the methodology can therefore be summarized as follows: the indoor air tem-
perature and the gas consumption are predicted over a 24 h period, and every hour, this
horizon moves by one timestep and the optimization is restarted in order to propose a
sequence of 24 control signals for the next 24 h at each timestep.

2.1. Case Study

In order to implement the strategy and test the relevance of the method, a digital
medium was used as a case study. Thus, the method presented in Section 2 was applied
to data generated from a building model created in TRNSYS18 (version 18.0). A simple
case of a parallelepiped building was modeled. For the architectural design, nature of the
materials, heating, and control system, the model was inspired by a real building located
in Lille, northern France, facing northwest. Thus, the model is conceptually based on that
building, but it is not calibrated to it, and that is due to the lack of data measured on the
building. In fact, the main objective remains to find a strategy that optimizes the control
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in the modeled building, and thus, from the perspective of applying the MPC on another
building, new prediction models and controls will be elaborated.

Figure 2 shows the picture of the building that was modeled. It is a commercial
building composed of three floors. Referring to standard values for buildings constructed
before 2012 [21], the external walls are modeled in brick, with 6 cm of insulation, the
floor in insulated reinforced concrete, and the attic insulated with 15 cm of mineral wool.
Double-glazed windows are added on both sides of the building. Concerning the heating,
the building is heated by a hot water radiators system, which is a very common installation
in France. This type of system is often composed of two circuits: a primary and a secondary
circuit [35]. Figure 3 shows the modeled heating network. The hot water heating system
is based on two interconnected circuits: a primary circuit and a secondary circuit. The
primary circuit mainly consists of a gas boiler, whose function is to keep the water in a
buffer tank at a high temperature. The secondary circuit, on the other hand, supplies a
network of radiators distributed throughout the building. To heat the building, a pump
ensures the circulation of hot water in this network. The regulation of the supply water
temperature, denoted as Tstp in Figure 3, within the secondary circuit is carried out by
a three-way valve, which adjusts the mix between the return water from the secondary
circuit and the hotter water coming from the buffer tank.

 

Figure 2. The building chosen for the case study.

Figure 3. The modeled heating system with a primary side heat source, a hot water storage tank, and
a secondary side with temperature control, circulation, and heat distribution.

In this paper, a type 526 radiator from the TESS library was used. The radiator surface
was adjusted to emit the amount of heat required to heat the building. A constant flow rate
was maintained on both sides of the heating network. The system adjusts the opening of
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the three-way valve based on the flow temperature according to the given setpoint. Thus,
the setpoint temperature applied to the control valve governs the entire heating system.
Buildings with this type of installation are typically controlled using a single heating curve
that sets the supply temperature according to the outdoor temperature. This means that a
single setpoint temperature is provided to the valves to regulate the various zones of the
building. For this reason, the case study building was modeled as a single zone with a
volume of 4968 m3, controlled by a single setpoint temperature. As the authors did not have
access to real data for the building, the exact values of the parameters for the heating curve
of the reference building were unknown. However, theoretical considerations suggest that
the heating curve is adapted to the occupancy scenario, with reduced heating at night and
during unoccupied periods.

It is evident that no simple relation exists between the heating power dissipated by the
radiators and the setpoint temperature controlling the 3W valve, nor between the setpoint
temperature and the energy consumed by the boiler.

The TRNSYS18 simulation was performed at hourly intervals over a full year. Weather
data corresponding to northern France, available in the TRNSYS18 software files, were used
for the simulation. This file contains weather prediction data over a complete year. The heat
provided by the radiators was obviously taken into account, as well as internal gains made
by the occupants, if present. An occupancy scenario was defined from 8 a.m. to 6 p.m.,
Monday to Friday. This is the occupancy level corresponding to our reference building and
it specifies the periods of building occupancy and non-occupancy. A ventilation scenario of
0.2 vol/h was also imposed, as well as a low infiltration.

The goal of this work was to determine an optimal hourly sequence of setpoint
temperature values for the heating system’s three-way control valve, over a receding
prediction horizon. To simulate the building’s response to varying setpoints, changing
weather conditions, and occupancy patterns, a random sequence of setpoint temperatures
was applied to the control valve in our building model. These values, ranging from 16 ◦C
to 80 ◦C, were selected based on domain knowledge to ensure their practical relevance and
were generated using a uniform random distribution. The objective was to simulate the
building’s response to setpoint temperatures that are independent of outdoor conditions.
This aligned with the study’s goal of transitioning from conventional heating curves to
optimal control sequences for setpoint management. The simulation was run using these
random values, generating 8760 records (one record for each hour of the year). These data
were then used to model the thermal behavior of the building and heating system.

2.2. Data-Driven Prediction Models

The data used for modeling are simulation data generated by TRNSYS18, so the pre-
diction models detailed in this section were trained using these data. The study deliberately
focused on commonly measured variables, despite the availability of many others through
TRNSYS18 simulations. Above all, the aim was not to measure and use the supply and the
return water temperatures, but instead to model the building’s response to the setpoint
temperature imposed on the valve. This is the variable typically used to control this type of
system. Thus, five variables represent the initial inputs of the models: setpoint tempera-
ture, outdoor temperature, horizontal radiation, indoor temperature, occupancy and gas
consumption, noted, respectively, as follows: Tcons, Tout, Rad, Tin, Occ, and Cgas.

Several research studies have been carried out to model the temperature of a building
zone and have shown that the most accurate prediction is obtained by adding historical
data measured in the building, i.e., by integrating lagged terms of the variables as input
parameters to the model. The number of lags to be used varies from one building to
another and has to be studied. It depends on the inertia of each building and on the type
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of its systems. Fu et al. [36] worked on the prediction of a building’s air-conditioning
load and found the best result by taking the values of the previous 48 h of electricity
consumption. Mechaqrane et al. [37] also implemented prediction models for building
indoor temperature, comparing a linear autoregressive model of indoor temperature with
a neural network that takes the building’s past measured data as parameters. They found
that a neural network with 3 lagged terms of indoor temperature, 2 of outdoor temperature,
3 of horizontal radiation, and 2 of heating requirements gave the best prediction result
with a linear activation function. Ma et al. [29] used LSTM for time series prediction; thus,
the future values of indoor temperature were predicted using the past measured values of
parameters in the building.

In this paper, the building was modeled based on its historical measured data. Two
predictive models were developed: one for forecasting indoor temperature and another for
predicting gas consumption. The integration of historical data proved to be helpful when
selecting the model structure. Indeed, it allowed for capturing the building’s thermal inertia,
thereby significantly improving the accuracy of both models. Several machine learning
algorithms were tested, including multiple linear regression, random forest, artificial neural
networks, LSTM, GRU models, and support vector machines. In the following sections,
only the models that yielded the best performance are discussed, which are ANN and SVM.

Model training was performed on part of the data, while another part was retained
to test the model. Normalization was also applied to the data. In order to evaluate the
model, besides the coefficient of determination, a prediction error rate was calculated on
the test dataset. The model’s coefficient of determination R2, which measures how well the
observed data match those fitted, was also calculated. A coefficient of determination close
to 1 indicates good model accuracy. Equation (1) shows the formula of R2.

R2 = 1 − ∑n
i=1(yi−ŷi)

2

∑n
i=1(yi − y)2 (1)

where yi is the measured value, ŷi is the predicted value, y is the mean of the observed
values of y, and n is the number of observations of the test dataset.

Thus, in the presented work, three error metrics were used:
Mean Absolute Error (MAE), calculated as presented in Equation (2), yields the average

of the absolute deviations from the observed values.

MAE =
1
n∑n

i=1|yi − ŷi| (2)

The Root Mean Square Error (RMSE) measures the square root of the mean of the
square of the errors, as shown in Equation (3):

RMSE =

√
1
n∑n

i=1 (ŷ i − yi)
2 (3)

The Root Mean Squared Logarithmic Error (RMSLE), which is consistent with
ASHRAE’s evaluation method in the Kaggle competition, is mainly used when predictions
have large deviations, which is the case with the energy prediction. Also, it measures the
relative error between predicted and actual values while being more robust to outliers [38].
It is calculated as shown in Equation (4):

RMSLE =

√
1
n∑n

i=1(log(ŷi + 1)− log(yi + 1))2 (4)

139



Energies 2025, 18, 2260

Concerning MAE, RMSE, and RMSLE, the smaller the values of these errors are, the
better the model is.

2.2.1. Artificial Neural Network for Indoor Air Temperature

The first machine learning model developed was an artificial neural network. The
ANN was chosen because it has proven its efficiency in many building studies, especially
in the prediction of indoor air temperature. It provided the best results in [6,37,39–41].
Also, numerical optimizations using a combination of artificial neural network and genetic
algorithm can be efficient for building applications, which can save a significant amount of
computational time [42].

An artificial neural network is formed from layers of interconnected artificial neurons,
whose role is to find the best relation between input and output. This relation is defined
by an activation function found in each neuron, and by coefficients. These coefficients are
the synaptic weights of the neural network. During learning, the neural network performs
several iterations to adjust the weights in a way that minimizes the error between the
predicted value ŷ and its real value y. In this paper, the ANN model was used to predict
the building’s indoor temperature at the next hour, denoted as Tin(t).

The main difficulty with neural network models is choosing the network architecture,
that is, the number of layers and neurons. Several models were trained by varying the
number of lagged terms n and the number of layers and neurons in the network and testing
the activation function «linear», «softplus», and «sigmoid». By lagged terms, we refer to
variables observed or recorded at a specific number of hours prior to the current time.
Results show that the «softplus» gives the best prediction for this case study, consistently
yielding the smallest error and the highest coefficient of determination compared to other
activation functions in models trained with the same number of lagged terms. To avoid
overloading the table, the results of ANN with «softplus» only are presented in Table 1.

Table 1. Error metrics of the trained ANN with “Softplus” activation function and different lag
numbers.

Number of Lagged Terms MAE RMSE R2

0 0.14 2.27 0.14

1 0.053 0.97 0.84

2 0.031 0.6 0.93

3 0.04 0.57 0.95

4 0.022 0.42 0.97

5 0.025 0.52 0.96

6 0.028 0.55 0.95

Figure 4 shows the evolution of the MAE with varying numbers of lags, ranging from
0 (no historical building data considered) to 6 lags. Table 1 shows that the prediction error
gradually decreases as the number of lagged terms increases, and remains in this trend
up to 4 lagged terms. Beyond this point, the error tends to increase again. Therefore, the
model that appears to be optimal for predicting indoor temperature in this study is an
artificial neural network with n = 4 lags, one hidden layer with 50 neurons, and a nonlinear
activation function, the «softplus» function, shown in Equation (5).

f (x) = log(1 + exp(x)) (5)
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Figure 4. Evolution of MAE and RMSE errors with variations in the number of lagged terms.

The topology of the adopted model is illustrated in Figure 5. The model inputs
are the historical measurements of indoor temperature, outdoor temperature, horizontal
radiation, occupancy, and setpoint temperature, respectively, noted as Tin, Tout, Rad, Occ
and Tcons from time t − 1 to t − 4. Additionally, the model relies on forecasts for outdoor
temperature, solar radiation, and occupancy (at time t), as well as the setpoint temperature
value proposed by the genetic algorithm Tstp(t). Consequently, the input layer of the neural
network comprises 24 neurons: Tin(t − 1), Tin(t − 2), Tin(t − 3), Tin(t − 4), Tout (t − 1),
Tout(t − 2), Tout(t − 3), Tout(t − 4), Rad(t − 1), Rad(t − 2), Rad(t − 3), Rad(t − 4), Occ(t − 1),
Occ(t − 2), Occ(t − 3), Occ(t − 4), Tstp(t − 1), Tstp(t − 2), Tstp(t − 3), Tstp(t − 4), Tout(t),
Rad(t), Occ(t), Tstp(t). The error measurements of the adopted model are provided in
Table 2.

Figure 5. The adopted neural network topology.
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Table 2. Error metrics for ANN model.

Model 1 R2 RMSE MAE

ANN 0.97 0.42 0.022

2.2.2. SVM for Gas Consumption Prediction

The second model is designed to predict the gas consumption of the boiler. As
previously explained, there is no straightforward relationship between the control setpoint
and gas consumption. To solve this task, several models are trained with the aim of finding
the most accurate possible model, always with the available data. This raises several
challenges regarding the choice of model and the choice of the number of lagged terms for
any variables. The initial variables are therefore the same: Tin, Tout, Rad, Occ and Tcons.

In this study, random forest was used to calculate the importance of the characteristics
of the model and then help in removing unnecessary variables. Random forest is a com-
bination of decision trees. It improves the performance of a single tree by combining the
randomization in the selection of partitioning data nodes in the construction of a decision
tree. Hence, random forest determines feature importance by measuring each feature’s
contribution to reducing impurity (like Gini impurity or MSE) across all splits and trees
in the ensemble, with higher reductions indicating more important features [43]. Figure 6
reveals the features’ importance by a random forest with n = 2 lagged terms. It appears
that taking measurements more than 1 step back does not lead to a better prediction. The
results of the trained models, using different number of lags of the variables show that the
best prediction can be performed using only four variables: Tstp(t), Tin(t − 1), Cgas(t − 1),
Tstp(t − 1). Using these features, a support vector machine (SVM) model gives the most
accurate prediction in this study.

Figure 6. Importance of variables in the model with 2 lagged terms.

SVM is a supervised machine learning algorithm that aims to find an optimal boundary
between possible outputs by maximizing the separation margins between data points based
on their responses. This transformation of inputs is achieved using the machine’s kernel
function. In this study, Support Vector Regression (SVR) (a type of support vector machine)
was used to analyze data for regression analysis. SVM has been commonly used for the
energy prediction in buildings [30,33,36,44,45].
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In this study, the radial basis function (RBF), represented in Equation (6), was chosen
due to the broad and nonlinear characteristics of the dataset [46].

KRBF
(

x − x′
)
= exp

(
−γx − x′2

)
(6)

where γ is a parameter to determine the distribution of the kernel, and x − x′ is the
Euclidean distance between the set of points [30].

The adopted model is also based on the lag terms n = 1 of the building’s indoor
temperature, gas consumption, and setpoint temperature value Tstp(t) proposed by the
genetic algorithm. The output of this model is the estimated gas consumption at time t.
Among several models tested using the selected features, SVM gives the best prediction
accuracy. The error measurements of the adopted model are provided in Table 3.

Table 3. Error metrics for SVM model.

Model 2 R2 RMSLE

SVM 0.83 2.9

2.3. Optimization

As mentioned previously, the objective of this study is to identify a sequence of
24 hourly setpoint temperatures for the heating system that balances thermal comfort
and energy consumption. Therefore, a multicriteria optimization problem arises. Genetic
algorithms are well suited for this type of problem [47]; in particular, these algorithms have
gained prominence in the optimization of building thermal systems [48].

Genetic algorithms are inspired by the process of natural selection and evolutionary
biology, where an individual is represented by a chromosome composed of genes containing
hereditary traits. The process begins with a population of potential solutions represented
by individuals, often in the form of binary strings encoding possible solutions. In this case
study, the initial population consists of setpoint temperature scenarios, and each scenario
comprises 24 temperature values. Moreover, each setpoint temperature value is encoded
with 6 bits, with each individual represented by 144 bits. Since each bit can take 2 possible
values (0 or 1), the number of possible solutions for each proposed temperature scenario
reaches more than 2.2 × 1043 solutions.

The focus of this study is on the setpoint temperature of the water supplying the
radiators in the secondary circuit, rather than on optimizing the boiler’s operation. Thus,
the setpoint temperature values that can be chosen by the genetic algorithm range from
16 ◦C to 70 ◦C. The fitness of each solution in addressing the given problem is evaluated
based on a predefined objective function. The individuals then go through genetic op-
erations, including selection, crossover, and mutation. During selection, only the fittest
solutions are chosen to become parents for the next generation. The number of generations
is determined by the number of iterations. In crossover, genetic information is exchanged
between parents to create offspring that exhibit a combination of their characteristics. Mu-
tation introduces random changes in the genetic information of the offspring. This cycle of
selection, crossover, and mutation repeats over multiple generations, gradually improving
the overall fitness of the population and converging towards optimal solutions, or those
with the best objective function scores.

In this study, the comfort score is simply estimated as a function of indoor air tempera-
ture, as in most cases [17,21,27,29]. This is because the temperature is an easily measurable
parameter, compared to other parameters such as air speed or relative humidity which
play a role in the notion of comfort. Therefore, ranges of comfort temperatures are defined
for the genetic algorithm to adhere to. The details of these temperatures are shown in
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Table 4. The objective is to maintain an indoor temperature between 20 ◦C and 22 ◦C during
occupied hours (from 8 a.m. to 6 p.m. on weekdays). The comfort score of any solution
that results in an indoor temperature outside this range will be penalized. Similarly, during
unoccupied hours, temperatures below 15 ◦C are penalized. This approach aligns well
with conventional control practices in real life, where similar steps are taken to prevent
excessive temperature drops and the associated inefficiencies in recovery.

Table 4. Comfort temperature range during occupation/non-occupation shifts of the week.

Shift Occupation Target Temperature

Weekday [08 h–18 h] Yes [20–22 ◦C]

Weekday [19 h–07 h]
Weekend [00 h–23 h] No ≥15 ◦C

Figure 7 details the calculation of the comfort score of each hour of the day: if the
building is in its occupation period (as shown in Table 4) and the indoor temperature is
below the lower limit of the defined comfort temperature range, the difference between
these two temperatures is added to that score. Similarly, if the indoor temperature exceeds
the upper limit of the defined comfort temperature range, the difference between these
two temperatures is added to the comfort score. However, if the indoor temperature is
within the defined comfort temperature range, the score is not penalized. The calculation is
performed similarly during non-occupation hours; if the temperature drops below 15 ◦C,
the score is penalized.

Figure 7. Diagram explaining the calculation of comfort score for each hour (j) of the day.

In this study, the comfort and gas consumption scores are normalized to facilitate
balancing their weights effectively. For the comfort score calculation, an individual score is
computed for each of the 24 h (as shown in Figure 7). These hourly scores are then summed
up and divided by 24, as the maximum possible score for a single hour is approximately 1,
resulting in a normalization factor of 24 × 1, as in Equation (7), so the value of the comfort
score ranges between 0 and 1:

scorecom f ort = ∑24
j=1

(
scorecom f ort(j)

)
/24 (7)

Concerning the consumption score, it represents the gas consumed over 24 h, as shown
in Equation (8). It is normalized by dividing the summation by the maximum value of gas
consumption over 24 h, so the value of the consumption score falls between 0 and 1.

scoreconsumption = ∑24
j=1 Cgas(j)/Cgas_max (8)
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Since the objective of this study is to achieve a trade-off between comfort and con-
sumption, the score for each solution is calculated by adding the score of comfort to the
score of consumption. The final score is thus calculated according to Equation (9). The goal
is to minimize the final score over a 24 h period.

score f inal = ω × scorecom f ort + (1 − ω)× scoreconsumption (9)

With this definition of the comfort final score (score f inal), the strategy enables users
to define the priority of comfort relative to energy consumption. A lower value of ω

places greater emphasis on consumption, while a higher value prioritizes comfort. This
way, with both sub-scores being normalized, theoretically, ω can tolerate values between
0 and 1. Thus, it becomes evident that ω = 1 only considers comfort and ω = 0 only
considers consumption. But from a practical perspective, ω values should avoid extreme
settings. Specifically, ω = 0 would result in the algorithm deactivating the system, thereby
eliminating comfort entirely, which is inconsistent with the intended goals of the strategy.
Conversely, ω = 1 would prioritize comfort to the exclusion of energy efficiency, poten-
tially leading to excessive energy consumption, which similarly contradicts the strategy’s
overarching objectives.

The choice of the value of ω is left to the discretion of the building manager. The
weight ω specifies the priority level of comfort relative to consumption, meaning ω can
be adjusted to favor one score over the other. Since the comfort score and the energy
consumption score are qualitatively different metrics, they cannot be rigorously balanced
against one another. In this study, the authors selected a value of ω = 0.5, a midpoint of
the [0, 1] interval, to serve as a neutral baseline, in order to combine the two criteria in
one objective function. We proceeded under the hypothesis that this value aligns with
the overarching aim of the strategy to optimize system performance while maintaining a
practical equilibrium between the competing priorities. Therefore, the results presented in
this article were obtained with a weight of ω = 0.5.

As explained, the optimization using the genetic algorithm is initiated every hour in
an infinite loop (loop 3 of the methodology as explained in Section 2), enabling a receding
horizon. Each iteration of this loop represents the calculation of an optimal sequence
for 24 h. At time t0, the GA finds an optimal solution, adhering to the defined number
of solutions for the initial population and the number of iterations to be performed. In
this study, we focused on reducing the computational complexity by helping the genetic
algorithm find the best solution at time t0 + 1 by injecting the best solution found at the
first optimization (t0). The process is explained in Figure 8. During the second iteration,
i.e., at time t0 + 1, the GA can use the previous solution, including it in the new initial
population of 20 solutions instead of 50. In addition, the GA performs 15 iterations instead
of 25, thereby reducing execution time while maintaining the efficiency of the process (more
details are presented in Section 3). Therefore, the number of sequences is limited to 50
for the first iteration of the receding horizon loop (loop 3), and then reduced to 20 for the
remaining 47 iterations in this case study (since the loop turns for 48 h).
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Figure 8. Explanation of the genetic algorithm generation loop.

3. Results

In this study, the first loop of the proposed MPC represents the prediction of indoor
temperature and gas consumption over a 24 h horizon, while the second loop denotes the
optimization process of the setpoint temperature. Concerning the third one, it represents
the receding horizon where the prediction and the optimization are performed at each
timestep (every hour), for the next 24 h, in order to adjust the heating scenario if needed. In
real-world scenarios, the third loop operates continuously from the moment the strategy
is activated until it is deactivated. This means that the forecasting horizon advances
incrementally on an hourly basis throughout the duration of the strategy’s implementation.
However, in this study, to reduce computational effort and time, the authors chose to
validate the strategy by running it for a fixed duration of 48 h loops, applied to 10 randomly
selected days. The computation of the optimal solution for one timestep, if the loop can
range from 10 to 40 min, is carried out using a relatively high-performance machine (DELL
PRECISION 3581, with a 13th Gen Intel Core i9-13900H processor, 64 GB of RAM, and a
64-bit architecture), making it challenging to perform large-scale calculations, such as those
spanning an entire year.

The proposed MPC strategy was validated on the modeled building using TRNSYS18.
Figure 9 explains the mechanism of this loop. At each iteration, the first setpoint tempera-
ture (Tstp(t)) of the proposed 24 h scenario is applied to the heating system of the simulated
building model in TRNSYS18 as a control signal. This allows for the collection of output
data, including the indoor air temperature and gas consumption associated with the speci-
fied heating setpoint. The simulation is then executed using the building’s historical data,
maintaining consistent initial conditions for both the prediction process and the simulation,
up to the considered timestep. Once the simulation on TRNSYS18 is performed, the output
values of indoor temperature and energy consumption (T in(t) and Cgas(t), respectively) are
passed to update the dataset used for the prediction and optimization processes at the next
timestep. This study was conducted in hourly steps, i.e., one timestep is equal to one hour.

As explained in Section 2, at each timestep, the genetic algorithm attempts to find
a solution that best accommodates changes or uncertainties in weather and occupancy.
Figure 10 shows an example of evolution of the heating scenarios during three consecutive
iterations (from the timestep t at 5 a.m. (scenario t), to scenario t + 1 at 6 a.m., and scenario
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t + 2 at 7 a.m.). The heating scenario dynamically adjusts to explore improved solutions that
enhance comfort while incorporating updated values. This can be more explicit in real-life
application, where potential weather or occupancy changes may occur. Figure 11 shows
the indoor temperature that results from each heating scenario presented in Figure 10. The
adjustment of the scenario at t + 2 raises the indoor temperature a bit more to try to reach
the comfort range temperatures during the occupancy period.

Figure 9. Validation process via TRNSYS18: one iteration of the receding horizon loop of the MPC.

Figure 10. An example of the evolution of the heating scenario over the receding horizon.
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Figure 11. The evolution of the indoor temperature resulting from the change of the heating scenario
of Figure 10. The green lines mark the temperature constraints of comfort during occupation and
unoccupancy of the building.

In order to validate the performance of the strategy, 10 random days were selected
throughout the heating period. It is important to clarify that these are independent tests. For
each of these days, the implementation of the MPC strategy was initiated 24 h in advance
to avoid the transition phase between the conventional control strategy and the predictive
control strategy. The changes in indoor temperature and gas consumption over the last
24 h of each period were used to calculate the scores. The calculation was thus launched in
a 48 h receding horizon loop. That means that 48 iterations of loop 3 were performed for
every selected day. The optimization starts at the first timestep t, calculating the 24 values
of setpoint temperatures for the next 24 h, considering the next 24 h occupation scenario
and weather forecasts. Then, at the next timestep, the calculation of the heating scenario is
repeated for the 24 next ones, and so on, for 48 iterations. Figure 12 shows an example of
indoor temperature and gas consumption that result from the MPC strategy applied to 1
selected test day, over 48 h. Only the values of the second day were used to evaluate the
applied strategy (the part selected in the grey frame on the graph).

Values of indoor air temperature and energy consumption from the last 24 h were
compared to those simulated using a conventional control strategy for the heating system of
the same building. This conventional control operates based on a heating curve, a function
of the outdoor temperature. The parameters of this heating curve were carefully chosen to
ensure an indoor temperature between 20 ◦C and 22 ◦C during occupation hours (8 a.m.
to 6 p.m.). The heating setpoint temperature starts to increase at 6 a.m. (2 h before the
occupation to guarantee a comfort temperature at 8 a.m.), with a night-time setback also
implemented. The heating curve was optimally adjusted to provide a credible reference
strategy. In other words, the baseline method with which we compared our strategy is
already a fairly energy-efficient heating curve, and a heating cutdown is carried out during
the night. Figure 13 shows the indoor air temperature in the building, with heating based
on the selected heating curve over the course of a week. It is clear that it takes hours to
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reach a comfortable temperature. The proposed MPC aims to avoid this delay. The results
presented in this section correspond to the comparison of the strategy with this selected
conventional heating strategy.

Figure 12. Indoor temperature and gas consumption that result from the simulation considering the
values of the receding horizon heating scenario over 48 timesteps. The values of the last 24 h are used
for validation (grey frame).

Figure 13. Indoor air temperature curve with the selected heating curve strategy, over a week. The
grey blocks mark the occupation period of the building (8 h–18 h).

Since the aim of the strategy is to balance energy consumption and thermal comfort,
the comparison is based on two scores: a comfort score and an energy consumption
score. The MPC strategy aims to minimize the final score, which is the sum of both
scores, as defined in Equation (9). Table 5 shows the results of both control methods over
ten randomly selected days, representing different weather conditions (varying outdoor
temperatures, solar radiation). The control using the baseline heating curve is abbreviated
as RBC (Rule-Based Control). The calculation is performed over 48 hourly steps for each
day as mentioned, meaning that during these 48 h, the optimization is reinitiated every hour
with a 24 h horizon each time. The scores presented in Table 5 are calculated on the second
day (the last 24 h) to ensure that the strategy is evaluated based on a steady-state regime.
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Table 5. MPC vs. RBC for the 10 days tested.

Day

Average
Solar

Radiation
(W/m2)

Average
Outdoor

Temperature
(◦C)

Comfort
Score
MPC

Comfort
Score
RBC

Consumption
Score MPC

Consumption
Score RBC

Final
Score
MPC

Final
Score
RBC

Energy
Savings

(%)

1 76.2 3.3 0.18 0.18 0.76 0.81 0.47 0.5 6.2

2 34.1 8.2 0.14 0.15 0.4 0.57 0.27 0.36 29.8

3 20.6 −0.6 0.16 0.15 0.62 0.64 0.39 0.39 3.1

4 27.4 7 0.27 0.18 0.39 0.55 0.33 0.36 29

5 23.9 3 0.17 0.14 0.64 0.71 0.4 0.42 9.9

6 38.2 0 0.11 0.13 0.73 0.78 0.42 0.45 6.4

7 5.4 3.3 0.23 0.13 0.65 0.7 0.44 0.42 7.1

8 40.7 3.1 0.37 0.14 0.61 0.69 0.49 0.41 11.6

9 85.1 3.7 0.12 0.29 0.54 0.67 0.33 0.47 19.4

10 31.7 0 0.14 0.15 0.72 0.78 0.43 0.46 7.7

Table 5 shows the comfort scores of both strategies in every selected test day. We can
see that, in almost all cases, the MPC comfort scores are equal or lower than the RBC scores
(days 1, 2, 6, 9, and 10), while an energy consumption reduction is proved by the MPC
strategy in all presented days. Here, it is worth mentioning that, since there is a comfort
range of temperature that is defined for the occupation and the unoccupancy period as
well, the comfort score could be penalized for the violation of both. That means that, even
during unoccupancy, if the temperature drops below 15 ◦C (Table 4), the comfort score will
increase; however, this does not imply that the building occupants feel discomfort.

Figures 14 and 15 compare, respectively, the indoor temperature and the energy
consumption of both strategies on day 4 presented in Table 5. The MPC strategy was able
to anticipate the solar radiation expected during the day, to keep the indoor temperature
within the comfort range (between 20 ◦C and 22 ◦C) during occupancy hours (grey frame).
The results show lower gas consumption in the case of the MPC strategy, compared to that
of the RBC where the indoor temperature exceeded the defined comfort range (above 22 ◦C).
The comparison of the final scores over the 10 selected days is visualized in Figure 16. It
shows that the MPC strategy outperforms the conventional strategy in most cases (lower
final scores for MPC), except for days 7 and 8. This is due to the MPC comfort score which is
higher than that of the RBC during these two days. Figure 17 compares the values of indoor
temperature corresponding to the MPC against those of the RBC strategy over the 24 h
timesteps of day 8. The reason behind the higher comfort score of the MPC is the decrease
in temperatures during unoccupancy, as already explained. This cutdown of heating did
not prohibit the strategy of restoring the comfort temperatures during occupation hours.
Results show that in day 8, the MPC strategy consumed 11.6% less energy compared to
the RBC strategy. This demonstrates that the proposed strategy was able to anticipate
the expected solar radiation for the day and suggested heating setpoints that maintain
comfort temperatures while minimizing energy consumption. Figure 18 compares the gas
consumption of both strategies for day 8.
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Figure 14. Indoor temperature of both strategies: MPC (blue curve) and RBC (orange curve) on day
4, while the curve represents the solar radiation during the day. The grey frame denotes occupation
shift, while the green lines mark the temperature constraints of comfort during occupation and
unoccupancy of the building.

Figure 15. Gas consumption of both strategies: MPC (blue curve) and RBC (orange curve) on day 4.
The grey curve represents the solar radiation.

Figure 16. Comparison of final scores.
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Figure 17. Indoor temperature of both strategies: MPC (blue curve) and RBC (orange curve) on day 8.
The grey curve represents the solar radiation, and grey frame represents the occupation, while the
green lines mark the temperature constraints of comfort during occupancy of the building.

Figure 18. Gas consumption of both strategies: MPC (blue curve) and RBC (orange curve) on day 8.
The grey curve represents the solar radiation.

4. Discussion

In this paper, a predictive control strategy for a building’s heating system with radi-
ators powered by a gas boiler was proposed aiming to balance thermal comfort and gas
consumption. For this study, the occupant’s comfort was represented by the indoor air
temperature, a common criterion in current building regulation systems. While future
work may consider factors such as indoor air relative humidity, the study focused solely on
temperature as the comfort indicator.

The proposed method relies on two prediction models informed by conventional
building data, integrating weather and occupancy forecasts. The selection of these models
was discussed in the paper, where several machine learning models were tested, and those
demonstrating the highest prediction accuracy were chosen. The integration of historical
data significantly improved precision. The neural network model aimed at predicting
indoor temperature proved to be highly accurate, but the support vector machine model
selected for predicting gas consumption, crucial for implementing the method, appears
to have potential for improvement. The decision not to rely on internal measurements
of technical equipment, such as various temperatures from the primary and secondary
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parts of the heating system, adds complexity to the modeling process. This aspect could be
the focus of specific future research efforts. The two models, used to predict temperature
and consumption over a 24 h forecasting horizon, are integrated within an optimization
loop using genetic algorithms. The optimization phase aims to define an optimal sequence
of setpoint temperatures for the secondary circuit’s water supply in the heating system
on an hourly basis. The process of prediction and the calculation of the 24 h sequence of
heating setpoint temperatures is repeated every hour, replacing the predicted values of
indoor temperature and gas consumption at the next timestep, by the values simulated
on the modeled building, preventing the accumulation of prediction errors throughout
the horizon.

The method was developed using data generated in TRNSYS18. A case study building
was modeled, and the simulation tool was employed to test and compare the predictive
control strategy against a conventional Rule-Based Control strategy typically used in such
buildings. It has been confirmed that the proposed MPC strategy can anticipate potential
events (weather disturbances or internal gains) that could disrupt the building’s behavior,
while achieving energy savings and maintaining occupant thermal comfort.

Because MPC strategies are implemented in buildings that vary in heating systems,
environmental and weather conditions, and initial operating states, directly comparing
their performance across studies is inherently challenging. Instead, comparison was
performed against a reference model tailored to the same building, departing from the
same initial conditions. By comparing our MPC-based strategy with an already optimized
heating curve, we demonstrated additional energy savings, ranging between 3% and 30%
across various randomly tested days. These results were obtained by combining a comfort
score and a consumption score for each of these test days. A weighting between the two
scores had to be chosen to achieve a compromise between thermal comfort and energy
consumption. This weighting determines the balance of this compromise, and the choice of
its value is left to the discretion of the operators, based on their priority for each part of the
objective function.

This study shows that an MPC strategy can indeed be deployed with only a small set
of readily obtained measurements, enabling straightforward transfer to other buildings
with similar heating systems. Moving forward with the research, the goal is to implement
the proposed control method on a real case study building. Measurements are currently
being collected, and a predictive strategy is expected to be developed.
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Abbreviations

The following abbreviations are used in this manuscript:

Nomenclature
Tstp Setpoint temperature
Tin Indoor temperature
Tout Outdoor temperature
Cgas Gas consumption
Occ Occupation
Rad Horizontal solar radiation
minocc Lower limit of comfort temperature range during occupation
maxocc Upper limit of comfort temperature range during occupation
minunocc Lower limit of allowed temperature range during unoccupancy
MPC Model Predictive Control
RC Resistance–Capacitance
3W valve 3-way valve
HVAC Heating, ventilation, air-conditioning
ANN Artificial neural network
SVR Support Vector Regressor
HDD Heating degree days
PMV Predicted Mean Vote
SVM Support vector machine
RBF Radial basis function
ARX Autoregressive model with exogenous inputs
MAE Mean Average Error
RMSE Root Mean Square Error
GA Genetic algorithm
R2 Coefficient of determination
RMSLE Root Mean Square Log Error
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Abstract

The significant contribution of buildings to the global primary energy consumption neces-
sitates the application of energy management methodologies at a building scale. Although
dynamic simulation tools and decision-making algorithms are core components of energy
management methodologies, they are often accompanied by excessive computational cost.
As future controlling structures tend to become autonomized in building heating layouts,
encouraging distributed heating services, the research scope calls for creating lightweight
building energy system modeling as well monitoring and controlling methods. Following
this notion, the proposed methodology turns a programmable controller into a smart ther-
mostat that utilizes surrogate modeling formed by the ALAMO approach and is applied in
a 4-m-by-4-m-by-2.85-m environmental chamber setup heated by a heat pump. The results
indicate that the smart thermostat trained on the indoor environmental conditions of the
chamber for a one-week period attained a predictive RMSE of 0.082–0.116 ◦C. Consequently,
it preplans the heating hours and applies preheating controlling strategies in real time
effectively, using only the computational power of a conventional controller, essentially
managing to attain at least 97% thermal comfort on the test days. Finally, the methodology
has the potential to meet the requirements of future building energy systems featured in
urban-scale RES-based district heating networks.

Keywords: smart thermostat; surrogate models; thermal comfort; control strategies; heat
pumps; building energy management systems

1. Introduction

1.1. Building Energy Management

The scientific community has recognized the contribution of the building energy
demand to the EU’s primary energy consumption [1], which amounts to approximately
40%. Furthermore, the same holds true for the U.S. and Asian building sectors as well [2,3],
making approaches on building thermal load management optimization a highly sought
out subject. At the same time, actions are being taken to achieve energy autonomy by
utilizing renewable energy sources (RESs) [4,5] but also energy demand reduction in the
building sector [6,7]. Since building load optimization is such a broad subject, the research
community tends to divide it into two distinct categories that have a synergetic link between
them, namely demand-side management and supply-side energy management [8,9]. Also, the
majority of the end-use of the energy requested by buildings concerns thermal applications,
such as heating, cooling, and ventilation.

Energies 2025, 18, 3433 https://doi.org/10.3390/en18133433
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In a short analysis of supply-side management, this category concerns the optimal
operation of energy producers. Examples regarding the implementation of supply-side
management methodologies are spotted in several works. For example, ref. [10] have elab-
orated on various methodologies that include the use of multi-energy systems for energy
production and storage, both on a thermal and electrical energy basis. The methodology
of [11] achieves the reduction in demanded loads and by extent the minimization of fuel
consumption, assisting the energy producers to increase their energy production efficiency
and therefore reduce their operational costs. It is observed that the optimization criteria of
supply-side management that concern the producers usually relate to their environmental
footprint and their operational cost. Moreover, the actions regarding supply-side man-
agement are summarized on “when and how” the energy loads have to be produced and
supplied to the consumers. At the same time, those actions also extend to the provision
of incentives to the consumers, to encourage them to alter their own optimization criteria
objectives, which are discussed below, and consequently achieve a “silver lining” between
the criteria of the producers and the consumers. The most common incentivization is
variable energy tariffs, which incentivize the consumers to request their loads when energy
production prices are low [12]. The configuration of those energy tariff profiles depends on
the expected environmental footprint and/or energy production cost reduction. It is also
emphasized that incentives reach their full potential only when the consumers have the
necessary knowledge of the incentive mechanism and use it to suit their best interests.

The complementary aspect of supply-side energy management, the optimal man-
agement of demand-side energy loads, is related to the actions that consumers take to
satisfy their own needs posed as optimization criteria. More specifically, approaches from
previously mentioned works [10,11] utilize the energy storage potential of the end-user
systems to be provided to the consumers when needed. Furthermore, in the thermal flexi-
bility enhancement methodology presented by [13], it was observed that the utilization of
thermal energy storage and consumer thermal comfort levels significantly encourage RES
participation in the coverage of the demanded energy loads of end-users. Summarizing
demand-side management, the optimal management of energy loads aims to maximize
the thermal comfort levels of the consumers during building occupancy periods while
also maintaining the cost of energy used at the lowest levels. The optimization actions
of the consumers include the weighing of the optimization criteria between each other,
i.e., the thermal comfort and cost of requested energy, as well as the forming of thermal
load profile formation, according to those criteria. As already mentioned, the criteria in
the weighting process can also be partly influenced by the supply side, namely the energy
producers. Consequently, the joint optimization of the demand side and supply side is
heavily dependent on a coordination system that supports bidirectional communication
between consumers and producers. This is even more crucial in district heating network
(DHN) layouts, where the producer and the consumer are individual entities with their
own different optimization criteria, which often contradict each other.

The value of utilizing energy flexibility emerges from the above discussion. On a
thermal energy basis, thermal flexibility is defined as the ability of the system to alter
their thermal energy injection/extraction rate in a system [14]. The primary parameters
that affect the thermal flexibility of a system are the thermal storage potential, as well as
the thermal power variability enabled by operational control strategies [14,15]. However,
thermal comfort should also not be neglected, as there are indications from works that it
is also an important parameter to thermal flexibility due to its dynamic nature over the
course of a daily system operation, as well as its fluctuating behavior [16]. It is worth
mentioning that shifting the occupant thermal comfort zone by 1 ◦C (reduction during
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heating operation and increase during cooling operation) can lead to substantial energy
savings and a reduction in thermal peak loads [17,18].

1.2. Utilizing Thermal Flexibility with Smart Controlling

At this point, emphasis is placed on the utilization of thermal flexibility for the demand-
side energy management of a building. According to the building thermal flexibility
analysis above, for its maximum exploitation towards attaining desired thermal comfort
settings combined with minimized energy consumption, a control structure is required
with the following characteristics:

• Knowledge of the available thermal storage capacity;
• Knowledge of the desired thermal comfort zone of the user/consumer;
• Knowledge of the cost of the primary energy consumption related to the available

energy sources;
• Ability to schedule operation controlling strategies of the heating systems of the

building to enable power variability.

For the effective use of the four above characteristics of the controlling structure, the
ability to predict the future states of the building is crucial. In other words, a dynamic
simulation model of the building layout should be available. However, the local instal-
lation of such simulation models in building infrastructures becomes more difficult due
to the system requirements in terms of computational power, and by extent, investment
and operational cost [19]. This is something that should be considered when installing
smart controlling layouts of thermal systems in buildings, like smart thermostats. The
beforementioned data collection and building operation model construction processes are
most used in the following applications related to installed heating, ventilation, and air
conditioning (HVAC) systems.

The first category of applications concerns fault detection in HVAC systems. For
instance, ref. [20] recommends the identification of the gradual operation duration increase
of cooling systems as an indication of the effectiveness and degradation of the heat ex-
changer connected to it. The second category of applications is related to HVAC operational
optimization according to the user’s needs. By using machine learning models, potential
changes to the heating/cooling schedules are identified, aspiring to the maximization of
the user’s thermal comfort [21]. More specifically, it has been noticed that during instances
when occupants enter the indoor space, the indoor air temperature may not be at the level
desired by them. This causes thermal discomfort to them during their initial stay in the
indoor environment. Similarly, there is an opportunity to save energy by prematurely
turning off the heating/cooling systems before the indoor environment is going to be-
come vacant [22]. These ways of utilizing thermal flexibility are achieved by applying
optimization methodologies in the controlling aspect of energy management in buildings.

1.3. Limitations of Building Smart Controlling

Optimization cases require the training of a dynamic thermal behavior model of
the indoor space. For instance, in the study of [23], a building (called 1-Resistance,
1-Capacitance model, 1R1C) and a system power model is generated using real oper-
ational data. However, such a complicated model structure may be too much for a smart
thermostat to utilize. Not only that, but attempting to identify the characteristics of the
building may be unnecessary for a controller, because a black-box model could do the
same work just as accurately, while an interpretable model of the indoor space may not be
useful to a user that has not the relevant knowledge background. Another characteristic
application is the usage of model predictive controlling (MPC) for continuously adapting
the model to its real counterpart (i.e., the building), as well as applying smart controlling
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strategies. However, this approach is usually accompanied by undesired computational
cost that far surpasses the respective capabilities of a smart controller, since most models
used resemble the deterministic model, such as that of [23]. Continuously updating the
predictions means that simulations should be constantly performed. This means that predic-
tive horizon-based approaches need a model that is easy and cheap to use in conventional
programmable controllers.

A way to face this issue is to resort to training the building model on a cloud-based
platform, which receives measurement data from the local smart thermostat sensors and
sends back to it the recommended course of action that has been decided. This is performed
in the work of [24], where a computer is used to simulate multi-zone models. It is also
stated that equipping the MPC model into the controller is a challenge to face in their future
work. In other words, the decision-making process and the computational requirements
accompanied by it are transferred away from the local control, adopting a centralized
structure, which requires a cost network connection to be sustained.

In order to decentralize building energy management, large computational require-
ments should be gotten rid of altogether. This can be achieved through a simple model
structure that supports independent and localized training and decision-making capabili-
ties in building energy systems. Moreover, the application of a simpler smart controlling
structure, such as rule-based controlling, allows for a viable controlling solution while
reducing the computational tax on the respective controllers [25]. For example, ref. [26]
employs a fuzzy rule-based approach control, which features a controlling layout capable
of managing the indoor air setpoint according to the optimal external environmental condi-
tions while achieving simplicity and ease of implementation. Moreover, ref. [27] examined
the prospects of combining a reinforcement learning (RL) control structure with a decision
tree structure in order to increase its interpretability, thus forming an explainable Deep
Q-Network structure. An interpretable RL agent is different than an interpretable building
model, as the former describes which behavior encourages optimized objectives, which
is desired information by every user. This led to a controlling agent that maintains its
effectiveness towards energy savings while adopting a rule-based structure, which is more
user-friendly and lightweight in its use than conventional RL structures.

The above research has uncovered two significant limitations regarding the operation
of building smart controlling devices and, in particular, smart thermostats on the basis
of optimal thermal load management in buildings. Firstly, most available controlling
methodologies do not possess a simple and lightweight structure, so that they can be
implemented by the thermostat itself, which causes concerns regarding its operational
autonomy, reducing control from building users. Secondly, a simple yet accurate predictive
model that is applied to those methodologies is equally vital to the independence and
cost-effectiveness of a smart thermostat. While the model training task can be taken away
from the smart thermostat, cases where the model is too complicated in structure hinder
the predictive capabilities and consequently the decision-making speed of the thermostat.
This leads to either the need for adopting a cloud network for this task or to increase
the computational capabilities of the thermostat, both of which reduce its affordability in
practical applications while also hindering controlling independency for each building.

Briefly speaking, smart controllers in building thermal load management applications
are in need for simple models, as well as controlling structures and strategies. The first
issue can be faced with the use of surrogate models [28], which are characterized by low
computational requirements and satisfactory training and predictive performance of the
thermal behavior of buildings, allowing low-cost smart thermostats to be developed. Their
simple structure also allows model training sessions to be performed on site and re-used by
the thermostat. Not only that, but their simplicity also allows for an effective combination
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of multiple surrogate models, each one trained for a specific behavior of the examined
system, thus being able to predict system states jointly and potentially more accurately
than a single-surrogate structure. These structures are referred to as multi-surrogate model
in the literature [29]. Regarding the issue of controlling structure complexity, an answer
to the high computational requirements of the MPC is given by [30], who propose that a
machine learning model be combined with rule-based controlling strategies in a lightweight
controlling layout. Their simulation results indicate that this is a step in the right direction,
as both modeling through machine learning and the application of day-ahead planning
through rule-based controlling (RBC) seem viable through this work. Still, concrete proof is
needed for the fact that rule-based machine learning is suitable to handle building energy
management tasks in an experimental approach. Moreover, the need to constantly train
models that predict future building states in a localized manner can only be proved possible
by displaying methods that can be equipped on programmable logic controllers (PLCs) in
an experimental environment as well. A future smart thermostat that not only supports
offline training possibilities, but also online ones, will offer autonomy and security of
operation of the building energy management system it is equipped on.

Besides the limitations of the scope due to the nature of the models required by modern
smart controllers and thermostats, the current research is also limited in experimental
applications of smart thermostats implemented in real-time operation cases. On the other
hand, an ample number of works have explored thermostat data and developed guidelines
on the effect of scheduling and controller programming on energy savings and thermal
comfort levels [17,31,32]. Moreover, thermostat data have also been utilized in simulation
environments, either to generate building models suitable for day-ahead predictions in
MPC applications [33], to create occupancy model generators [34], or to directly estimate
the characteristics of the building through time constant evaluation [33,35].

Two works worth mentioning that utilize a first-order building model to simulate
a single-room indoor space are those of Sun et al. [36,37], which estimate the preheating
time required to set a building room to desired temperature levels at the start of the
occupancy. The preheating time estimation in these works is accompanied by an uncertainty
period. Two limitations arise from this set of works. The first one is that the preheating
time is estimated, and not decided by a controller, as the methodology itself contains
a preheating period probability estimation. In order for the preheating algorithm to be
implemented practically, this uncertainty needs to be gotten rid of, since a controller
needs to make a concrete decision. Secondly, those works implement simplified first-order
white-box models, which are too computationally costly for a programmable controller to
identify the model parameters based on operational building data, as established in the
previous sections. In short, those limitations that are found among the literature need to
be addressed.

1.4. Aim of This Work

This approach aspires to a methodology for developing low-cost smart thermostats
that maintain autonomous and effective optimized controlling capabilities of the heating
schedule, without the need for either cloud based controlling or computational require-
ments that exceed those of a conventional PLC. Moreover, the presented smart thermostat
methodology can be extended to include supply-side management, which consists of the
direct control of the heating system itself, providing prospects for a demand-and-supply
load management methodology, aiming for the optimized utilization of RES systems, the
efficient use of HVAC systems, and the achievement of desired thermal comfort levels
at the same time. In other words, the proposed approach attempts to face the current
limitations of the existing smart controller development methodologies that have been
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spotted in the literature, which relate to the restriction of the thermostat training and
predictive capabilities to be provided remotely, consequently binding a smart thermostat to
a centralized database. Oppositely, enabling the thermostat to predict the building state
by itself and helping decision support adopt a more autonomous controlling layout is
something desirable in current standalone heating applications. This also holds true for
future district heating network (DHN) applications, where thermal loads will be able to be
provided in a more distributed manner, surpassing the limitations of centralized thermal
load management layouts currently implemented on an urban scale [38]. Developing and
testing smart thermostats in practical experimental applications allows for matching the
nature of the controlling hierarchy of future DHNs to their distributed thermal load pro-
duction and provision. This is because developing such devices with autonomy will allow
various benefits of distributed energy system networks to be implemented to DHNs, such
as the inclusion of prosumers in the network, enhanced renewable-energy-based thermal
load self-consumption, and security of supply. Moreover, there is an increased sense of
control for the DHN users and more direct communication with the respective producers,
leading to the evolution of demand-and-supply-side management techniques. Considering
that urban-scale energy networks and energy management strategies are promising struc-
tures to be used even more in the near future, the development of autonomous controlling
applications through experimental applications such as this work is important.

In a brief description of the presented work, which faces the above issues, it focuses on
developing and validating a smart thermostat layout that features a lightweight model and
a demand-side management methodology in the form of a rule-based preheating control-
ling strategy. Methods for generating simple yet accurate models with low computational
requirements, such as that of ALAMO modeling [39], paired with a lightweight controlling
strategy approach, such as the RBC approach, is a great combination to address not only
the reliance of smart thermostats on cloud computing but also to get rid of the large com-
putational loads altogether. Not only that, but the automated machine learning methods
(also stated by [30]) such as the ALAMO approach surpasses the hyperparameterization
needs posed in other machine learning methods, as well as simplifies both the installation
and operation of machine learning libraries into programmable controllers. In short, the
two significant limitations posed in the works [36,37], as well as the limitation of scarcity of
methodologies that are developed and applied experimentally in real-time operation are
faced in this work.

Moving to a more specific analysis of the proposed work, the embedded surrogate
model is trained on the thermal behavior data of the environmental chamber, while the
smart thermostat employs it in real time to predict the indoor conditions of the environ-
mental chamber and apply the controlling strategy according to the optimization criteria
set by a building occupant. Those are the maximization of thermal comfort of the occupant
and the use heating systems of the chamber as little as possible. The following sections
describe the materials used for the development of the proposed methodology, the results
that were produced through its experimental application, as well as the future potential of
the approach in thermal networks and the conclusions drawn.

2. Materials and Methods

2.1. General Description

In this section, the methodology of smart thermostat development and validation
process is described. The general idea of the smart thermostat is to create a controller that
is able to predict the future conditions in the environmental chamber and take necessary
actions regarding the heating schedule in advance. Following the order of actions pre-
sented in the flow chart of Figure 1, the methodology initiates by collecting measurements
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linked to the operation of the experimental chamber. These measurements are the indoor
air temperature of the chamber and the heating operation signal that correspond to the
operation of the chamber during the time period 22 February 2023–28 February 2023. Since
the experimental chamber is protected from outside weather conditions, the most prevalent
parameters that affect the indoor temperature inside the chamber were deemed to be the
previous indoor temperature, as well as the use of heating. Therefore, those two parame-
ters will probably be the most suitable ones for the creation of the surrogate model. The
creation of such a data batch enables its use on the training and validation of a surrogate
model using a lightweight machine learning software called ALAMO (version 2024.10.25).
Data collection was conducted by the controller itself, as it has embedded data-logging
capabilities in its default software. The measured data are automatically filtered by mean
value filters to mitigate measurement noise. The quality of data were sufficient for this
case, so no further preprocessing took place at this stage. The rest of the requirements for
providing predictive capabilities to the thermostat is for it to possess information regarding
the chamber occupancy schedule, as well as the desired thermal comfort settings of the
occupant. Namely, those are the indoor air temperature setpoint and the daily occupancy
schedule. The ability of the model to predict is used to optimize the operation of the
heating schedule.

Figure 1. Flow chart depicting the smart thermostat development and validation process.

The primary objective of the smart thermostat in this case is to maximize the thermal
comfort of the occupant, while the secondary objective is to minimize the necessary opera-
tion duration for this task. For this purpose, a preheating controlling strategy is employed,
which will be analyzed in Section 2.2.4. It is noted that in this experimental case, the energy
consumption measurements are not available and therefore, the operation duration of the
heating system is planned by the thermostat to be as little as possible.

In order to verify the effectiveness of this methodology, an operation validation phase
takes place, which includes the following steps:

1. Operational data gathering (22 February 2023–1 March 2023);

a. Occupancy/heating schedule: 21:00–01:00;

2. Surrogate model training phase using gathered operational data;
3. Real-time smart thermostat testing, equipped with the trained surrogate model, dur-

ing the period 14 February 2024–16 February 2024. The characteristics of the operation
during test operation are the following:

b. Occupancy schedule: 18:00–21:00;
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c. Heating schedule: 18:00–21:00 + preheating period (to be calculated au-
tonomously in real-time by the thermostat);

d. Environmental chamber temperature setpoint: [19.5–20.5] ◦C.

2.2. Experimental Chamber
2.2.1. Chamber Characteristics

In this section the environmental chamber is presented, of which the operational data
is collected (Figure 2). This chamber can be characterized as a box-in-a-box structure and is
situated in the facilities of University of Western Macedonia campus near Koila, Kozani,
Greece. Table 1 displays the dimensions of the experimental chamber, which are close to that
of typical building rooms that are used in existing works in the present literature. The box-
in-a-box structure allows for achieving a controlled environment inside the chamber, while
the air conditioners outside the chamber have slow transitions with small fluctuations,
mitigating the effect of outdoor conditions. This also means that the effects of direct
sunlight on the chamber are mitigated, as it is entirely covered by the surrounding building
environment. In other words, a potential simulation of the environmental chamber is
easier than the case of real buildings, as many parameters and thermal mechanics are not
considered to be fluctuating during the simulation.

 

Figure 2. Environmental chamber.

Table 1. Environmental chamber general characteristics.

Dimensions Units

Height 2.85 m

Length 4.02 m

Width 4.02 m

Wall thickness 0.135 m

Mean heat loss factor 0.423 W/(m2·K)

Total thermal capacity 6.46·105 J/K

The control of the indoor chamber environment is achieved by a heating system
(Table 2). More specifically, it consists of an air duct system, where a heat pump is also
embedded. The latter is responsible for providing heating or cooling loads to the chamber,
depending on the thermal demands of the indoor chamber environment. The nominal
heating power capacity for this experiment is stable at 4.7 kW, since on/off heat control
is implemented. Besides heating and cooling, the use of an air duct system enables the
import of fresh air in the environmental chamber, as well as configuration of the relative
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humidity of the indoor air through water spraying. It is noted that the air duct provides
an air supply that reaches 1725 m3/h. While the import of fresh air is possible, no fresh
air is imported in the current experimental case. Moreover, water spraying allows for
controlled humidification that can lead to relative humidity levels reaching 90%, although
this study case does not include air humidity control and therefore, the relative humidity
levels remain mostly stable around 40% throughout the experimental periods mentioned
in Section 2.1.

Table 2. General characteristics of the chamber heating/humidity control system.

Characteristic Value Unit of Measurement

Heat pump thermal capacity 4.7 kW

Water spraying relative
humidity range of control 40–90 %

Air duct air supply 1725 m3/h

2.2.2. Smart Thermostat Setup

The smart thermostat setup consists of a PLC layout, which is programmable using
embedded Python (MicroPython version 1.14) environment. The controller layout consists
of a “master” controller which is linked to “slave” micro-controllers, which are responsible
for providing the signal inputs and output that the “master” controller instructs, as well as
the collection of measured data with data filtering equipped to prevent excessive measure-
ment noise. Figure 3 displays the controller that is operating as a smart thermostat during
this experiment. Additionally, Figure 4 displays the setup configuration of the controllers
used, along with the input and output signals that are utilized from the controller, when
acting as a smart thermostat. Table 3 displays the specifications of the programmable
controller. As can be seen, the controller has pretty low computational power with the
additional benefit that it enables the user to freely implement various controlling strategies
through coding in the embedded Python environment. Moreover, it possesses inherent
data logging capabilities and the ability to be equipped with external Python libraries, such
as available open-source ALAMO approach libraries in Python environment. The above
characteristics not only allow the controller to host externally trained surrogate models and
use them in predictive controlling strategies, as it will be made clear in Section 3, but is also
expected to be able to host the ALAMO surrogate model training process in future efforts,
should it be equipped with the respective ALAMO Python (ALAMOPY) library.

 
Figure 3. Programmable controller operating as smart thermostat.
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Figure 4. Controller setup in the current work. Arrows indicate the directions of data and signals.

Table 3. Programmable controller specifications.

Specification Value

CPU model STM32F437 Arm Cortex-M4 core

Clock Speed 168 MHz

RAM memory 256 KB

Internal flash memory 1 MB

External flash memory 64 MB

During the experiment, the controller is equipped with the surrogate model that
is created using collected temperature and heating signal data, so that it can essentially
become capable of predicting the indoor air temperature of the environmental chamber
and attempting to maximize thermal comfort, by adding a preheating period, besides its
conventional heating operation.

2.2.3. Chamber Surrogate Model

Surrogate models are able to imitate the operational behavior of the system they are
trained on. In the experimental case, the surrogate models that are created attempt to depict
the fluctuation of temperature of the experimental chamber throughout its operation. In
order to create those models, the software called ALAMO (Figure 5), which is based on the
ALAMO approach [39], is used.

In this experimental case, two surrogate models are going to be created and compared,
in order to use the most accurate one. More specifically, the surrogate models that are
created have structures that are displayed in Equations (1)–(3). Both models are trained
using the indoor air temperatures (Tin) and the heating activation signal sent by the
controller-thermostat (Ut). The general idea of the models is to estimate the chamber indoor
air temperature during the next simulation timestep Tin,t+dt, by using the temperature
in the current timestep (Tin,t), as well as the chamber heating request signal (Ut). The
first surrogate model “fmono” is a single-surrogate model, as it possesses a single equation
structure and is trained on the whole temperature data set.

Tin,t+dt = fmono(Tin,t, Ut) (1)
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Figure 5. ALAMO environment.

On the contrary, the second model is a multi-surrogate model. The logic behind
the multi-surrogate model is that multiple models are trained on a part of the dataset,
which satisfies certain conditions. Therefore, during prediction, the multi-surrogate model
employs a different sub-model, depending on which of the conditions hold true during
the predictive horizon. This allows for having more specialized sub-models and, therefore,
improving predictive accuracy.

To specify, two surrogate model equations are used in this model, with each one
training on a part of the dataset. As Equations (2) and (3) display, one model (Equation (2))
is trained on the part of the dataset, in which the heating request signal is absent, resulting
in absence of heating in the chamber. Essentially, the dataset used to train this model
captures the free-floating behavior of the temperature in the chamber. On the other hand,
Equation (3) is trained on part of the dataset, where heating of the environmental chamber
is activated.

Tin,t+dt = fs1(Tin,t, Ut), Ut = 0 (2)

Tin,t+dt = fs2(Tin,t, Ut), Ut = 1 (3)

The fitting criterion in all the surrogate model training cases is the Root Mean Square
Error (RMSE) (Equation (4)) and the Mean Absolute Error (MAE) (Equation (5)) between
the measured and the predicted indoor air temperature value of the experimental chamber.

RMSE =

√
∑N

i=1 Tin,p,t − Tin,m,t

N
(4)

MAE =
∑N

i=1
∣∣Tin,p,t − Tin,m,t

∣∣
N

(5)

2.2.4. Proposed Smart Thermostat Strategy

The main characteristics that set the proposed smart thermostat apart from pro-
grammable ones are the following:

• Heating periods of the indoor space are independent from the building occupancy
periods and are decided by the smart thermostat.

• Since the smart thermostat is free to act independently, regarding the heating period
configuration, indoor air temperature does not concern the user anymore. In other
words, Tsetback is no longer a configurable parameter, whereas Tsetpoint can still be used.

• Heating periods are now configured by the smart thermostat according to the value of
Tsetpoint the user has provided.
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• The proposed smart thermostat is able to predict the indoor air temperature using
model training methods and data (i.e., indoor air temperature, heating request signal).

The smart thermostat heating strategy, which is used daily, is presented
below (Figure 6). Essentially, this algorithm uses the moving horizon predictive con-
trol, which is commonly used among model predictive control (MPC). However, in this
case the length of the moving predictive horizon is not constant, as in most MPC prac-
tices, but is variable and is calculated according to the temporal distance (Δτ) between the
present moment and the moment when occupancy starts, which also coincides with the
start of heating (Equation (6)).

Δτ = tturn_on − tnow (6)

Figure 6. Smart thermostat heating algorithm used to heat the indoor air of the chamber. Letters “T”
and “F” stand for “True” and “False”, respectively.

Note that this is an initiation of the heating turn-on scheduling and is subject to
changes when preheating algorithm is used. In other words, when the smart thermostat
algorithm initiates, the heating schedule is the same as the occupancy schedule. Then, the
preheating strategy is applied, and an additional preheating period is added. The variable
moving horizon strategy ensures a satisfactory initial estimation of the preheating schedule,
which becomes more accurate as the moving horizon length is reduced, namely as the
present moment tnow approaches the heating enabling moment tturn_on. This implementa-
tion is necessary for time-dependent problems like temperature prediction, as the indoor
temperature each moment (else called timestep in simulations) depends on the value of
the moment before that. Therefore, as the thermostat predicts further into the future its
prediction accuracy reduces, and vice versa. This approach makes the prediction robust
and independent of the initial indoor temperature conditions after the occupancy period
ends and preheating duration calculation initiates.

Regarding the preheating strategy of the smart thermostat, the procedure is initiated
by defining the occupancy schedule of the user. Consequently, the time of occupant’s
arrival (tarrival) is set as the starting point of conventional heating schedule. From this point
on, the thermostat uses the developed surrogate model and the indoor air temperature
at present to predict the temperature for every time interval until time interval tarrival.
Depending on whether the predicted temperature reaches the desired temperature setpoint,
the thermostat adjusts the heating schedule by configuring the preheating schedule in a
continuous manner.

This algorithm has been formed with the aim of maximizing the occupant’s ther-
mal comfort, while also minimizing the heating schedule size. It is also noted that the
current approach focuses entirely on optimally managing the demanded heating load,
while ignoring any potential changes in thermal energy production efficiency or cost
that could occur depending on the chosen schedule. In other words, this methodol-
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ogy does not consider the supply-side management of the heating energy used for the
environmental chamber.

The result is a formed heating schedule which resembles that of Figure 7. As observed
in the figure, the heating schedule is divided into two areas: the occupancy period (green
area), and the preheating period (red area). The proposed smart thermostat aims at
maintaining the indoor air temperature in the thermal comfort zone (yellow area), and
utilizes the preheating controlling strategy to do so. As it is also evident in the figure,
the thermostat still operates as a conventional one during the occupancy period, turning
the heating off when the indoor air tends to be overheated or overcool, i.e., turning on
and off the heating as the temperature approaches the lower and upper thermal comfort
temperature limits, respectively.

Figure 7. Example of implementation of the smart thermostat controlling algorithm.

Preheating Strategy

As already mentioned, the use of a preheating strategy is crucial to the maximization
of thermal comfort and has been proven in our previous work that it is able to maximize
thermal comfort levels to 100% [18], as well as increase the thermal flexibility of buildings.
This strategy has also been used by [36,37] to increase the thermal comfort and counter
the presence of thermal inertia that leads to thermal discomfort during the first moments
of occupancy. Figure 8 displays the algorithm of the preheating strategy used by the
smart thermostat.

 

Figure 8. Smart preheating strategy algorithm. Letters “T” and “F” stand for words “True” and
“False”, respectively.

The preheating algorithm initiates when the controlled indoor space becomes un-
occupied. Then, the next occupancy period is examined, and the respective preheating
period begins to form. This is done by initiating the heating period to be the same as the
occupancy period. Therefore, as displayed in Figure 8, the moment that the occupant enters
the controlled indoor space, tarrival, is equal to the time that the heating period initiates.
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Then, the smart thermostat uses the surrogate model to predict the indoor air temperature
using the current heating schedule, depending on whether the indoor air temperature
when the occupant arrives during tarrival deviates from the lower bound of the occupant
thermal comfort zone temperature, which is also considered the chosen temperature set-
point in this case. It is reminded that the current approach focuses on the demand-side
load management, namely the heating loads requested by the energy consumer, ignoring
potential energy consumption cost, as this is included in the supply-side management.

Implementing the Smart Preheating Strategy

For the purpose of validating the methodology that is used by the proposed smart
thermostat, the most representative surrogate model (i.e., the one with the lowest RMSE
during the training phase) is embedded in the thermostat and smart preheating controlling
strategy is utilized for three consecutive days. The heating optimization aims to maxi-
mize the thermal comfort, while requesting as little heating as possible. Therefore, daily
occupant thermal comfort TC is calculated according to Equation (7). More specifically,
thermal comfort is calculated as the percentage of the n minutes contained in the occupancy
period, during which indoor air temperature Tin,i (for each timestep i) is bigger than the
temperature setpoint Tin,set that the user has chosen. It is noted that while comfort zones
have lower and upper temperature bounds, potential overheating may be observed during
occupancy periods, which skew the evaluation of the smart thermostat performance. This is
because temperature overheating is the result of heating turnoff delay which may be linked
to sensor hysteresis. In any case, thermal comfort is evaluated in two ways, where the
Equation (8) considers indoor air temperature overheating due to sensor hysteresis, while
Equation (7) does not. The overheating effect will be observable in the smart thermostat
testing phase of the Section 3.

TC =
∑N

i=1(Tin,i ≥ Tin,set)

n
(7)

TCo =
∑N

i=1[(Tin,i ≥ Tin,set) AND (Tin,i ≤ Tin,set + 1)]
n

(8)

In addition, since no measurement regarding energy consumption is available during
this experiment, the minimization of heating operation is described in operational hours.

3. Results

3.1. Operational Data Gathering

In this section, the implementation of the experimental methodology is presented. To
begin with, the measured data that are used in the training of the surrogate models are related
to the operational period of the environmental chamber 22 February 2023–1 March 2023.
Figure 9 presents the measured data, namely the chamber indoor air temperature and the
heating operation signal.

As can be seen from Figure 9, heating periods take place during 21:00–01:00 each day,
while no temperature setpoint is chosen, in order to achieve uninterrupted heating of the
chamber. Consequently, the indoor air of the heated environmental chamber reaches 30 ◦C,
and then after 01:00 it enters the free-floating temperature state, where it gradually cools
down, due to heat thermal losses. An interesting observation is that the lowest temperature
the chamber reaches each day gradually increases after day, starting at 13.5 ◦C and finishing
at 17.5 ◦C at the end of the sequence of days. This might be caused by either of two reasons:
(a) The environmental chamber walls gradually build up heating energy each day, leading
to the indoor air not dropping to the same temperature that it was before heating, or (b) the
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hysteresis of the measuring instrument is affected by the consecutive heating and cooling
of the air during the examined period, leading to measurement errors [40].
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Figure 9. Collected measurement data.

3.2. Surrogate Model Training

Since data are collected, the training of the proposed surrogate models follows. By
using the ALAMO software and examining the behavior of the temperature in the experi-
mental data batch, the model structures are created, and coefficients are calculated by data
fitting. Equations (9)–(11) below are provided, where Equation (9) represents the single-
surrogate model (fmono), whereas Equations (10) and (11) represent the multi-surrogate
model (fs1, fs2). As elaborated in Section 2, both models describe the temperature during
the next timestep and depend on the indoor temperature during the previous timestep, as
well as whether the heating signal is on (fs1) or off (fs2).

fmono : Tin,t+dt = 0.140 ∗ Ut + 0.959 ∗ Tin,t + 0.693 ∗ ln(Tin,t)− 1.266 (9)

fs1 : Tin,t+dt = 0.920 ∗ Tin,t + 1.458 ∗ ln(Tin,t)− 2.606 (10)

fs2 : Tin,t+dt = 0.993 ∗ Tin,t + 0.038 ∗ ln(Tin,t) (11)

The metric values for each model training phase are also provided in Table 4 below.
As observed, the produced models have satisfying accuracy. However, the multi-surrogate
model containing specialized sub-models gives it an extra edge in performance. While
the differences are almost indistinguishable, propagating errors throughout time horizon
predictions is able to increase the magnitude of errors among models, as it becomes clear
below, in Figure 10.

Table 4. Data training results of the surrogate models.

Model RMSE R2 MAE

fmono 0.096 1 0.028

f s1 0.116 0.999 0.021

f s2 0.082 0.999 0.028

In order to understand the difference in performances of the surrogate models, a
demonstration of them predicting the chamber operation is presented in Figure 10. More
specifically, each of the models has a predictive horizon of 24 h, which means they predict
the whole day of operation by having available only the initial indoor air temperature of
the chamber of each day. As can be seen, the multi-surrogate model (f s1, f s2) performs
satisfactorily. On the other hand, the single-surrogate model is able to capture the behavior
of the indoor air temperature during heating periods, the same cannot be said for the
free-floating periods. It should be noted that since the surrogate model predicts the indoor
air temperature accurately during the next time interval, which is 1 min, high accuracy
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is expected only when predicting the next few hours. This means that RMSE metrics
produced by the model fitting procedure that corresponds to the training performance
may not provide a clear picture of predictive performance in cases of extended prediction
horizon. This is why comparing models on the training dataset with large predictive
horizons, like in Figure 10, gives a better image of which model is more suitable for
application. In any case, as explained in Section 2, the predictive horizon used is not going
to be static, so the predictive performance of the surrogate model used is going to improve
as the predictive horizon reduces in size. This means that such accuracy in a 24 h horizon
(Figure 10) is more than enough for the smart thermostat to form the preheating period
effectively during the smart preheating implementation phase.
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Figure 10. Visual comparison of the surrogate model performance.

Initially, it may seem contradictory that models with similar RMSE metrics may
have different prediction performances when the predictive horizon is large. To expand
on this, Figure 11 displays the RMSE metrics when the prediction horizon length Δτ

gradually reduces in size, for both the single-surrogate and multi-surrogate models. Essen-
tially, Figure 10 displays the temperature predictions of both models when Δτ is equal to
1440 min (24 h), whereas when Δτ equal to 1 min, the RMSE values are the similar to those
in Table 4.
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Figure 11. Sensitivity analysis of predictive horizon length on the predictive performance of both
models when using the training dataset.

By examining Figure 11, it can be deduced that the multi-surrogate model tends to
predict better, while it has a more robust performance than the single-surrogate model,
as horizon length decreases. This might be attributed to the fact that the multi-surrogate
model contains sub-models that are specialized in predicting different building behavior
types (i.e., heating and free-fall periods), while the single surrogate is less specialized
in each behavior, leading to it predicting less accurately. Moreover, it can be illustrated
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that as the horizon is reduced in size, the prediction propagation error also decreases for
both cases. This means that even a slightly less accurate prediction will improve as tnow

approaches tarrival, which has also been mentioned in Section 2.2.4. This is why the variable
predictive horizon provides robustness to the preheating algorithm, regardless of the initial
temperature and length of the predictive horizon. Furthermore, this also explains the
predictive performance difference of the models in large predictive horizons, even if the
training metrics are the same. Regardless, while the surrogate model was chosen as more
suitable in this case, the authors cannot confidently state that multi-surrogate models are
better in every case, as this requires a more systematic model comparison, which is not the
focus of the current work. Consequently, the multi-surrogate model will be used by the
smart thermostat during the testing phase.

3.3. Smart Thermostat Testing

After finishing the surrogate model training and evaluation process, the testing phase
of the smart thermostat takes place. As mentioned in Section 2, the occupancy schedule
period is 18:00–21:00, while the preheating period is calculated by the smart thermostat in
real time using the temperature prediction and smart preheating strategy. It is noted that
while the occupancy schedule of the testing phase differs from the respective schedule of the
training period, this poses a good opportunity to test the generality of the developed model,
namely it being able to predict and calculate the preheating periods at any given time of
day. The resulting test is displayed in Figure 12, where the thermostatic control is applied
in real time. More specifically, the conventional heating periods (Heating) are taking place
in the occupancy period, while preheating periods manifest before the occupancy periods,
as intended. Three consecutive days of operation display three characteristic operational
versions of preheating through prediction.
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Figure 12. Testing smart thermostat operation in real time.

Starting with 14 February (Figure 13), a slight delay of the preheating start is mani-
fested, which can be spotted because of the heating that takes place during the start of the
occupancy phase at 18:00. This means by the time the occupant would have entered the
indoor space, the indoor temperature had not reached the comfort desired value according
to the comfort zone [19.5–20.5] ◦C. Therefore, thermal comfort of the occupant was calcu-
lated to be 97.2% for this occupancy period, when overheating is not considered. In this
case, the overheating was almost negligible, as indoor air temperature surpassed the upper
temperature bound during the occupancy period for a very short interval just before 18:30.

On the other hand, the exact opposite phenomenon occurred on 16 February
(Figure 14), where preheating mode was activated slightly earlier than the optimal, result-
ing in the indoor temperature reaching comfortable temperature conditions, though this
leads to the chamber indoor air being maintained at higher temperature levels at the start
of the occupancy, leading to increased heat losses and therefore, more energy required to
maintain comfortable temperature levels. On another note, slight overheating is spotted,
which may be attributed to the temperature sensor hysteresis. This overheating essentially

173



Energies 2025, 18, 3433

manifests when the indoor air temperature (black line) surpasses the upper temperature
bound (green line) during the occupancy period.
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Figure 13. Testing phase, 14 February 2024.
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Figure 14. Testing phase, 16 February 2024.

Finally, on 15 February (Figure 15), preheating leads perfectly to the indoor temper-
ature being at the lower end of the occupant thermal comfort zone (19.5 ◦C) at the start
of the occupancy period. In addition, slight overheating of the chamber is also spotted in
this case, when indoor air temperature (black line) surpasses the upper temperature bound
(green line), during the occupancy period. What is also interesting, however, by carefully
examining 15 February (Figure 15) and 16 February (Figure 14), it might be noticed that
the operation periods of the heating may not differ so much, in contrast to 14 February
(Figure 13). This is verified by examining Table 5, where the occupancy and the heating
periods (fan coil operation) are displayed.
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Figure 15. Testing phase, 15 February 2024.

Table 5. Characteristic periods and results of chamber operation during the testing phase.

Date
No. of

Occupancy
Minutes

Fan Coil
Operation
(Heating)
Minutes

Thermally
Comfortable

Minutes
(Hysteresis
Considered)

Thermally
Comfortable

Minutes
(Hysteresis Not

Considered)

Thermal Comfort
(TC)

(Overheating
Considered) [%]

Thermal Comfort
(TC)

(Overheating Not
Considered) [%]

14 February 2024 179.00 110.00 173.00 174.00 96.65 97.20

15 February 2024 178.00 82.00 149.00 178.00 83.71 100.00

16 February 2024 178.00 75.00 145.00 178.00 81.46 100.00

Standard
deviation in

period
14 February 2024–
16 February 2024

0.47 15.12 12.36 1.88 6.69 1.32

By examining Table 5, it can be seen that 14 February involves larger heating operation
periods, as temperature increases more slowly in the chamber. If the indoor temperature
had risen at the same rate as in the other days, then there would have not been such a great
difference from the other testing days. At this time, the cause of such a difference is not
known, and it might be attributed to faulty sensor readings. On the other hand, 15 February
and 16 February display consistency in their results. Despite that, 16 February has reduced
heating operation, as indoor temperature during occupancy period increases at a faster
rate than the case of 15 February. Therefore, even in a controlled environment, temperature
sensor characteristics play a crucial role in successfully implementing heating strategies.
It should be noted that this fan coil operation reduction across 14 February–16 February
indicates a faster temperature increase of the indoor air. While this is a phenomenon worth
looking into, the main scope of this work is the ability of the smart thermostat algorithm to
maximize thermal comfort levels; therefore, this is something that should be investigated
in the future.

4. Discussion

Generally speaking, the downscaling of the computational demand required for
model training, as well as decision-making through the use of controlling strategies, is
also a great benefit in multiple aspects. First and foremost, the economic aspect: Namely,
the investment cost has the potential to drop significantly, making smart thermostats a
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much more affordable tool used in either residential or service buildings, where most
people spend their time nowadays and, subsequently, most building thermal load requests
manifest [1]. Secondly, the recent focus of the EU on developing large-scale RES-based
communities [7] to secure energy provision to buildings has opened discussion on the
layouts that support its successful implementation, such as DHNs. It has been discussed
in [38] that such layouts are possible, while it is also hinted that heating distribution in
latest-generation DHNs will possibly adopt a decentralized layout, enabling autonomy
between heating producers. This leads to an opportunity to help the DHNs to include
a multi-energy thermal market, where each producer and each consumer has its own
autonomy and independent aims in terms of decision-making. This transition from a
centralized DHN to distributed DHNs will also benefit the inclusion of RESs, as not
only will RES producers have individualized aims and courses of action, but distributed
systems will also allow anyone to become an energy producer at any time, encouraging
“prosumers”, namely consumers that can also produce energy (usually through locally
installed RES systems) to participate in the thermal energy market of the respective DHN.
Nevertheless, for all that to be possible, building consumers should also have high levels of
decision-making autonomy. This means that a controlling structure in such systems should
also be distributed equally among producers and consumers. Therefore, the development
methodologies of independent smart controllers, such as the one in the proposed work,
strive to be both affordable and implementable in a distributed controlling layout, bringing
substantial contribution value to the table.

According to the observed results, it can be inferred that developing simplified smart
controlling tools in practical applications is implementable. When comparing the works
mostly related to the proposed one, namely that of [36,37], various challenges have been
faced. To begin with, this work implements a model-equipped controller that automatically
predicts the future states of the indoor air temperature, which was not conducted in those
works. The use of surrogate modeling surpasses the limitations of the physical models
used in these works because it gives the controller the potential to create simple models by
itself, as well as use them in real time. Furthermore, the use of simple models allowed us to
face the second limitations of the referred works: They can be used to continuously predict
and adjust the future heating scheduling by utilizing a variable predicting horizon. This is
something that has been utilized in MPCs and proves the potential of that method when
paired with models that are easy to simulate with. This ability to continuously predict
the future state of the indoor air allows for updating the preheating schedule as the time
to enable heating approaches. Therefore, there is no need to evaluate uncertainty, as the
predictive uncertainty mitigates when the preheating period comes closer to the present
and the predictive horizon reduces in size, making the prediction more accurate as time
passes by. In short, the controller initially estimates the heating period, but in contrast
to [36,37], the estimation slowly transitions into a decision to be taken by the controller.
All the above improvements allowed the preheating strategy to be evolved to be suitable
for use in real-time applications. Finally, it should be noted that while the environmental
chamber is not affected by the outdoor environment, its indoor space is similar in size to
the indoor spaces that the methodologies of [36,37] are tested on.

Regarding other benefits this work brings, setting a basis for model development on
an environmental chamber such as that of this work helps bring forth potential modeling
issues (such as dealing with sensor drifts, which are identifiable in this case), which are
difficult to observe in real building cases, where the air temperature behavior is affected
by more parameters. For example, even in a controlled environment such as the current
environmental chamber, an increase in heating duration was displayed on 14 February,
which may be attributed to possible energy accumulation inside the chamber envelope.
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Performing experiments on days that are not consecutive, as well as including wall tem-
perature measurements of the environmental chamber, could potentially answer whether
this effect is linked to heat accumulation in the chamber envelope. This is something that
should be done before applying the proposed smart thermostat methodology to more
complex buildings. This helps ensure the reliability of the developed models in future
efforts, as well as provides insight into issues likely to manifest during the validation of
a smart thermostat, which are more difficult to discern in a real building operation. On
another note, despite the existing measurement drift spotted in the training phase, the
model prediction and the preheating were mostly successful, indicating it did not affect the
implementation of the methodology that much. Regardless, whether this drift results from
either sensor hysteresis or the thermal capacity of the environmental chamber needs to be
identified in the future. Future energy consumption measurements will be able to give a
more concrete indication of which of the two is true. Furthermore, those measurements
allow for estimating the potential energy savings of the implemented controlling strategies.
Therefore, this is considered one of the high-priority future tasks of this work. Additionally,
the presence of sensor hysteresis when consecutively heating during occupancy periods,
which leads to occasional overheating, is not connected to the performance of the pre-
heating algorithm in this case. However, it is something that should be addressed in the
conventional heating algorithm in future experimental runs.

Implementing this smart thermostat methodology in a real building could prove
challenging because of various thermal loads that are present in a respective structure, such
as internal and ventilation loads. Besides that, the variable weather conditions, such as
solar irradiance and outdoor air temperature can also affect the heating requirements of
a building. Not only that, but different climate zones and building types add variance to
the possible behavior types that the smart thermostat will come up against. To face this
challenge, further preprocessing of the data may potentially increase the accuracy of the
model (via outlier removal or data normalization), which is also something to be considered
in future modeling efforts of the operation of real buildings. In addition, multi-surrogate
model structures could assist in capturing real building behavior across different seasons
of the year, which have been proven a significant parameter in smart controlling of HVAC
systems [26], while they could be beneficial in multi-zone or multi-consumer applications,
such as DHNs [38]. In fact, multi-surrogate modeling has displayed its viability in seasonal
DHN heating load prediction applications [41], with each sub-model mimicking the heating
load behavior of the DHN in a distinct season. Moreover, multi-surrogate modeling has
also been used in a spatial manner, i.e., each sub-model being able to predict the heating
loads of a single consumer, leading to an aggregated heating load prediction approach [42].
In a similar fashion, this work could more systematically utilize the surrogate models in
real buildings, where each one can capture different states and behavior of the buildings,
such as those proposed in this work (i.e., heating and free-float states).

Moreover, as the results displayed, testing the model effectiveness on heating patterns
that are the same as those on which it was trained would provide no additional value to this
work. Instead, this is something that should be done in real building cases. By addressing
the above, produced methodologies such as the proposed one have the potential to be
scaled and adapted to real building cases, which are typically larger and more complex in
structure than the environmental chamber. Not only that, but building cases could include
building consumers of the local DHN, and even multi-zone buildings, such as offices or
public service buildings.

In terms of the further refinement of smart thermostat capabilities in the future, the
smart thermostat can enhance their own communication capabilities with the users by
assessing their preferred comfort settings (e.g., indoor air temperature setpoints) by using
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information such as activity level, clothing, and user feedback on their perception of air
temperature [43]. More specifically, the smart thermostat can include an adaptive comfort
model that is trained directly from user feedback and available data from smart devices that
occupants commonly wear or use (e.g., activity level or heart rate from smart watches) [44].
In case online learning is difficult to implement, offline trained model alternatives include
the provision of representative occupancy schedules created by clustering collected smart
thermostat data [32]. The development and implementation of such methodologies provide
supplementary value to the effectiveness of a smart thermostat, i.e., its ability to optimally
preplan the thermal schedule. On another note, the development of the proposed thermo-
stat currently focuses on the aspect of the demand-side management. The potential use of
a smart controller responsible for the supply-side management of the chamber’s heating
system would provide a good opportunity for developing a smart controlling methodology
for energy producers, which is a core component of future DHNs [38].

5. Conclusions

All in all, this approach presents the process of developing and experimentally vali-
dating a smart thermostat, accompanied by the respective development and testing of its
controlling strategies. The training of a surrogate model through the use of easily acquired
operational data that are commonly accessible to all thermostats (heating signal and indoor
air temperature) enables its implementation on an environmental chamber in order to
optimize the thermal comfort requests from a user during real-time operation.

In the present case, the developed smart thermostat methodology is able to address
the issue of achieving desired temperature levels during initial occupancy time intervals
by implementing a smart preheating strategy in real-time indoor space operation, which
is a presently discussed matter in the current literature. More specifically, the optimized
operation is conducted according to maximizing occupant comfort, while using as little
heating as possible. By utilizing a variable predictive horizon (a customized variant of
the respective predictive horizon commonly found in MPC applications) in combination
with surrogate models, it can continuously adjust its course of controlling strategy imple-
mentation planning with increasing accuracy when approaching the scheduling events.
Therefore, the current setup is able to face limitations of predictive heating control ap-
plications such as predictive uncertainty and heavy computational requirements at the
same time. Furthermore, the operation of the smart thermostat embedded model, namely
the indoor space surrogate model can be independent from its training, which can take
place either outside or inside of the thermostat environment and have low computational
requirements, providing a low-cost way to address the limitations of thermostats existing
in the current literature. It is worth noting that the implementation of the model in the
real-time operation of the environmental chamber provides insight into potential issues
the model faces that could manifest when trained on indoor conditions unaffected by
the external environment, which are difficult to identify when applying the developed
models in more complex building cases. It is also worth mentioning that the environmental
chamber provides an indoor space of a size comparable to single-zone building rooms that
are usually examined in simulation efforts in the literature.

The results of the testing phase show that the current methodology has a promising
model training and usage process, which does not require a lot of data and maintains
a generalizable model that can be used in any heating schedule. In addition, its imple-
mentation on a preheating controlling strategy can lead to maximized thermal comfort
levels, as test results provided TC percentage in the range 97.2–100%. However, present
heating turnoff delays can significantly reduce thermal comfort. Besides that, the use of
multi-surrogate model structure appears to be effective in increasing model predictive
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capabilities. Another observation made from the results of the experiment is that a potential
measurement drift has been identified in the training measurement of this work. This can
currently be presumed to be attributed to either existing thermal inertia in the chamber or
innate sensor drift, although it will be addressed in future efforts.

Despite the benefits the proposed smart thermostat experimental setup provides, there
is room for improvement in the following aspects. First of all, the implementation of
the experiments could consider the thermal inertia phenomena discussed. For instance,
measurement periods could avoid being conducted in consecutive days, to ensure that the
initial conditions of the environmental chamber remain the same, while wall temperature
measurements could be conducted after each operation session. Additionally, effective
model training requires the provision of high-quality measured data. While temperature
can be measured through relatively inexpensive means, the accuracy and precision of
measurements can affect the quality of the developed model and, by extent, its ability
to optimize the thermal operations of the building. Therefore, it is important that the
measurement and data collection processes (preprocessing) are established more system-
atically. Future efforts could also focus on collecting energy measurements related to the
heating system operation of the environmental chamber, leading to the development of
energy-saving thermostat strategies.

Moreover, the current experiment took place in a closed environmental chamber,
which is a controlled environment. Implementing this smart thermostat methodology
in a real building could prove challenging because of the various thermal loads that are
present in a particular structure, such as internal and ventilation loads. Besides that, the
variable weather conditions, such as solar irradiance and outdoor air temperature, can
also affect the heating requirements of a building. Furthermore, the thermal load profiles
can vary depending on the use of the building, its characteristics, and the climate zone
it is located in. Employing multi-surrogate modeling may be the answer to validating
building models in different climate zones, as well as adapting to related heating patterns
and behaviors that are linked to the location of the building and the complex heat loads of
large-scale thermal networks. This makes a future pilot study worth conducting, in which
smart controllers embedded with various types of surrogate models will be tested in real
building cases of the local DHN. Such a study will be able to provide insight into the next
steps for further developing and validating the smart thermostat modeling methodology,
while examining the performance of the produced smart thermostat models on multiple
types of indoor thermal zones, variable external environment conditions and heating load
patterns. Lastly, regarding the broader aspect of energy management, having a controller
with communicative abilities towards both its users and energy suppliers will be of great
significance to establishing an integrated demand-and-supply management structure, while
still allowing for autonomy in the actions of consumers. Not only that, but lightweight
controlling strategies are a core part of future urban-scale DHNs because they encourage
the inclusion of RES producers and prosumers in thermal networks, consequently facing
upcoming needs of future thermal networks. In any case, in order to maintain effectiveness,
surrogate modeling techniques used in smart thermostats should emphasize maintaining
low-cost data acquisition techniques in order to lead to the development of autonomous
and widely affordable smart thermostats with satisfying accuracy that can participate in
urban-scale energy management efforts.
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Abbreviations

The following abbreviations are used in this manuscript:

1R1C 1-Resistance, 1-Capacitance model
ALAMO Automatic Learning of Algebraic Models
DHN District Heating Network
HVAC Heating, Ventilation, and Air Conditioning
MPC Model Predictive Control
PLC Programmable Logic Controller
RBC Rule-Based Controlling
RES Renewable Energy Source
RL Reinforcement Learning

References

1. EU. Energy Statistics—An Overview. Available online: https://ec.europa.eu/eurostat/statistics-explained/index.php?title=
Energy_statistics_-_an_overview (accessed on 25 October 2023).

2. U.S. Energy Information Administration. Monthly Energy Review—February 2025. Available online: https://www.eia.gov/
totalenergy/data/monthly/ (accessed on 19 March 2025).

3. Zhou, X.; Huang, Z.; Scheuer, B.; Wang, H.; Zhou, G.; Liu, Y. High-Resolution Estimation of Building Energy Consumption at the
City Level. Energy 2023, 275, 127476. [CrossRef]

4. Directive (EU) 2018/2001; Directive (EU) 2018/2001 of the European Parliament and the Council of 11 December 2018 on the
Promotion of the Use of Energy from Renewable Sources. The European Parliament and the Council of the European Union:
Strasbourg, France, 2018.

5. European Commission. Communication from the Commission to the European Parliament, the European Council, the Council, the
European Economic and Social Committee and the Committee of the Regions. The European Green Deal. Available online: https:
//eur-lex.europa.eu/resource.html?uri=cellar:b828d165-1c22-11ea-8c1f-01aa75ed71a1.0002.02/DOC_1&format=PDF (accessed
on 3 June 2025).

6. European Commission. Stakeholder Consultation on the Renovation Wave Initiative—A Synthesis Report. Available online: https:
//energy.ec.europa.eu/system/files/2020-10/stakeholder_consultation_on_the_renovation_wave_initiative_0.pdf (accessed on
2 June 2025).

7. European Commission. Communication from the Commission to the European Parliament, the Council, the European Economic
and Social Committee and the Committee of the Regions. A Renovation Wave for Europe—Greening Our Buildings, Creating Jobs,
Improving Lives. Available online: https://energy.ec.europa.eu/system/files/2020-10/eu_renovation_wave_strategy_0.pdf
(accessed on 3 June 2025).

8. Guelpa, E.; Verda, V. Demand Response and Other Demand Side Management Techniques for District Heating: A Review. Energy
2021, 219, 119440. [CrossRef]

9. Péan, T.Q.; Salom, J.; Costa-Castelló, R. Review of Control Strategies for Improving the Energy Flexibility Provided by Heat Pump
Systems in Buildings. J. Process Control 2019, 74, 35–49. [CrossRef]

10. Liu, J.; Li, Y.; Ma, Y.; Qin, R.; Meng, X.; Wu, J. Coordinated Energy Management for Integrated Energy System Incorporating
Multiple Flexibility Measures of Supply and Demand Sides: A Deep Reinforcement Learning Approach. Energy Convers. Manag.
2023, 297, 117728. [CrossRef]

11. Craparo, E.M.; Sprague, J.G. Integrated Supply- and Demand-Side Energy Management for Expeditionary Environmental Control.
Appl. Energy 2019, 233–234, 352–366. [CrossRef]

12. Logenthiran, T.; Srinivasan, D.; Vanessa, K.W.M. Demand Side Management of Smart Grid: Load Shifting and Incentives. J.
Renew. Sustain. Energy 2014, 6, 033136. [CrossRef]

13. Li, Y.; Wang, C.; Li, G.; Wang, J.; Zhao, D.; Chen, C. Improving Operational Flexibility of Integrated Energy System with Uncertain
Renewable Generations Considering Thermal Inertia of Buildings. Energy Convers. Manag. 2020, 207, 112526. [CrossRef]

180



Energies 2025, 18, 3433

14. Vandermeulen, A.; van der Heijde, B.; Helsen, L. Controlling District Heating and Cooling Networks to Unlock Flexibility: A
Review. Energy 2018, 151, 103–115. [CrossRef]

15. Bessa, R.; Moreira, C.; Silva, B.; Matos, M. Handling Renewable Energy Variability and Uncertainty in Power Systems Operation.
WIREs Energy Environ. 2014, 3, 156–178. [CrossRef]

16. Martinez, S.; Vellei, M.; Dréau, J.L. Demand-Side Flexibility in a Residential District: What Are the Main Sources of Uncertainty?
Energy Build. 2021, 255, 111595. [CrossRef]

17. Luo, M.; Zheng, Q.; Zhao, Y.; Zhao, F.; Zhou, X. Developing Occupant-Centric Smart Home Thermostats with Energy-Saving and
Comfort-Improving Goals. Energy Build. 2023, 299, 113579. [CrossRef]

18. Zouloumis, L.; Ploskas, N.; Panaras, G. Quantifying Flexibility Potential on District Heating Local Thermal Substations. Sustain.
Energy Grids Netw. 2023, 35, 101135. [CrossRef]

19. Magni, M.; Ochs, F.; de Vries, S.; Maccarini, A.; Sigg, F. Detailed Cross Comparison of Building Energy Simulation Tools Results
Using a Reference Office Building as a Case Study. Energy Build. 2021, 250, 111260. [CrossRef]

20. Guo, F.; Rasmussen, B. Predictive Maintenance for Residential Air Conditioning Systems with Smart Thermostat Data Using
Modified Mann-Kendall Tests. Appl. Therm. Eng. 2023, 222, 119955. [CrossRef]

21. Jiang, Y.; Andrew Ejenakevwe, K.; Wang, J.; Tang, C.Y.; Song, L. Development, Implementation, and Impact Analysis of Model
Predictive Control-Based Optimal Precooling Using Smart Home Thermostats. Energy Build. 2024, 303, 113790. [CrossRef]

22. Zouloumis, L.; Panaras, G. Development of a Smart Thermostat. In Proceedings of the IAQ 2020: Indoor Environmental Quality
Performance Approaches, Athens, Greece, 4–6 May 2022.

23. Arias, J.; Khan, A.A.; Rodriguez-Uría, J.; Sama, M. Analysis of Smart Thermostat Thermal Models for Residential Building. Appl.
Math. Model. 2022, 110, 241–261. [CrossRef]

24. Vallianos, C.; Abtahi, M.; Athienitis, A.; Delcroix, B.; Rueda, L. Online Model-Based Predictive Control with Smart Thermostats:
Application to an Experimental House in Québec. J. Build. Perform. Simul. 2024, 17, 94–110. [CrossRef]

25. De Coninck, R.; Baetens, R.; Saelens, D.; Woyle, A.; Helsen, L. Rule-Based Demand-Side Management of Domestic Hot Water
Production with Heat Pumps in Zero Energy Neighbourhoods. J. Build. Perform. Simul. 2014, 7, 271–288. [CrossRef]

26. Safdari, M.; Janaideh, M.A.; Siddiqui, K.; Aliabadi, A.A. Weather-Adaptive Fuzzy Control of Setpoints for Energy-Efficient HVAC
in Urban Buildings. J. Build. Eng. 2025, 104, 112317. [CrossRef]

27. Cho, S.; Park, C.S. Rule Reduction for Control of a Building Cooling System Using Explainable AI. J. Build. Perform. Simul. 2022,
15, 832–847. [CrossRef]

28. Queipo, N.V.; Haftka, R.T.; Shyy, W.; Goel, T.; Vaidyanathan, R.; Tucker, K.P. Surrogate-Based Analysis and Optimization. Prog.
Aerosp. Sci. 2005, 41, 1–28. [CrossRef]

29. Lv, Z.; Niu, D.; Li, S.; Sun, H. Multi-Surrogate Assisted PSO with Adaptive Speciation for Expensive Multimodal Multi-Objective
Optimization. Appl. Soft Comput. 2023, 147, 110724. [CrossRef]

30. Zhu, J.; Tian, Z.; Niu, J.; Lu, Y.; Cheng, B.; Zhou, H. Machine Learning-Enhanced Lightweight Rule-Based Control Strategy for
Building Energy Demand Response. Build. Simul. 2025. [CrossRef]

31. Stopps, H.; Touchie, M.F. Residential Smart Thermostat Use: An Exploration of Thermostat Programming, Environmental
Attitudes, and the Influence of Smart Controls on Energy Savings. Energy Build. 2021, 238, 110834. [CrossRef]

32. Jung, W.; Wang, Z.; Hong, T.; Jazizadeh, F. Smart Thermostat Data-Driven U.S. Residential Occupancy Schedules and Development
of a U.S. Residential Occupancy Schedule Simulator. Build. Environ. 2023, 243, 110628. [CrossRef]

33. Vallianos, C.; Candanedo, J.; Athienitis, A. Thermal Modeling for Control Applications of 60,000 Homes in North America Using
Smart Thermostat Data. Energy Build. 2024, 303, 113811. [CrossRef]

34. Doma, A.; Prajapati, S.N.; Ouf, M.M. Developing a Residential Occupancy Schedule Generator Based on Smart Thermostat Data.
Build. Environ. 2024, 261, 111713. [CrossRef]

35. Hou, D.; Allan, L.; Awad, H.; Bahiraei, F.; Evins, R. Estimating the Time Constant Using Smart Thermostat Data Acquisition and
Manipulation: A Whole Building Experimental Study. J. Build. Eng. 2025, 105, 112485. [CrossRef]

36. Sun, S.; Xing, X.; Wang, J.; Sun, X.; Zhao, C. Preheating Time Estimation in Intermittent Heating with Hot-Water Radiators by
Considering Model Uncertainties. Build. Environ. 2022, 226, 109734. [CrossRef]

37. Sun, S.; Wang, J.; Li, R.; Sun, Q. Estimation of Preheating Time for Building Intermittent Heating Subject to Changes in Outdoor
Temperature and Solar Radiation. Energy Build. 2024, 317, 114405. [CrossRef]

38. Lund, H.; Østergaard, P.A.; Nielsen, T.B.; Werner, S.; Thorsen, J.E.; Gudmundsson, O.; Arabkoohsar, A.; Mathiesen, B.V.
Perspectives on Fourth and Fifth Generation District Heating. Energy 2021, 227, 120520. [CrossRef]

39. Wilson, Z.T.; Sahinidis, N.V. The ALAMO Approach to Machine Learning. Comput. Chem. Eng. 2017, 106, 785–795. [CrossRef]
40. Gam, K.S.; Yang, I.; Kim, Y.-G. Thermal Hysteresis in Thin-Film Platinum Resistance Thermometers. Int. J. Thermophys. 2011, 32,

2388–2396. [CrossRef]
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