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Preface

This Reprint brings together a collection of studies that reflect the current scientific advances

in the modelling and simulation of building energy performance and indoor environmental quality.

The growing impact of climate change, the need to reduce greenhouse gas emissions, and the rising

expectations of building occupants have created new challenges for researchers and practitioners

working in the field of building engineering. These challenges motivate the need for improved

tools capable of predicting, assessing, and optimising the performance of buildings under real and

increasingly dynamic conditions.

The Reprint aims to provide a comprehensive overview of modern approaches used to analyse

energy demand, thermal comfort, indoor air quality, and the complex interactions between building

systems and occupant behaviour. It addresses the needs of scientists, engineers, consultants,

and students who seek a deeper understanding of advanced simulation methods, their practical

applications, and the current research trends shaping the future of building performance analysis.

By presenting recent theoretical developments, case studies, model validation efforts, and

innovative numerical techniques, this Reprint offers a valuable resource for anyone interested in

simulation-based strategies for improving building energy efficiency and indoor environmental quality.

It highlights both methodological progress and practical insights that can assist in designing, operating,

and evaluating energy-efficient and comfortable buildings.

Joanna Ferdyn-Grygierek, Krzysztof Grygierek, and Agnes Psikuta

Guest Editors
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Editorial

Building Energy Performance Modelling and Simulation

Joanna Ferdyn-Grygierek 1,*, Krzysztof Grygierek 2 and Agnes Psikuta 3

1 Department of Heating, Ventilation and Dust Removal Technology, Faculty of Energy and Environmental
Engineering, Silesian University of Technology, Konarskiego 20, 44-100 Gliwice, Poland

2 Department of Mechanics and Bridges, Faculty of Civil Engineering, Silesian University of Technology,
Akademicka 5, 44-100 Gliwice, Poland; krzysztof.grygierek@polsl.pl

3 Empa—Swiss Federal Laboratories for Material Technology and Science, 9014 St. Gallen, Switzerland;
agnes.psikuta@empa.ch

* Correspondence: joanna.ferdyn-grygierek@polsl.pl

The building sector is currently facing two conflicting challenges—the urgent need to
reduce energy consumption and greenhouse gas emissions, and the continuous growth
of expectations regarding thermal comfort, indoor air quality, and health [1]. Address-
ing such a dual challenge requires robust analytical tools. Building Energy Modelling
(BEM) and Building Performance Simulation (BPS) have therefore become indispensable
tools to support energy-efficient design, optimize building operations, and guide retrofit
strategies [2–4].

The recent literature highlights five major directions for BEM application [5]:

• Performance-driven design of new and retrofitted buildings;
• Operational optimization of HVAC and energy systems;
• Integration with real-time data and the development of digital twins;
• Urban Building Energy Modelling (UBEM) to support city-level energy planning;
• Building-to-grid interaction for demand response and resilience.

Simulation models in this field can be broadly divided into physical (forward)
models—based on energy and mass balance equations—and data-driven (inverse) models,
which rely on statistical or machine learning techniques. While the former offer strong
physical interpretability, the latter provide efficiency and adaptability, particularly when
combined in hybrid approaches [6].

The application of simulation methods has a long history [6]. Early overviews high-
lighted the growing potential of building simulation for design and operation [7], while
more recent developments have demonstrated its use in co-simulation frameworks [8] and
as a methodological basis for retrofitting strategies in existing buildings [9]. A wide range
of software tools, such as EnergyPlus, ESP-r, and TRNSYS, now support both research and
industry practice, each with their own strengths and limitations [10].

Contemporary research highlights the role of simulation in enhancing performance-
driven design [5], as well as in operational optimization of building systems through
advanced control strategies [8]. Furthermore, simulation has extended beyond the build-
ing scale towards UBEM, which provides valuable insights for city-scale planning and
integration with renewable energy systems [11–13].

Optimization remains a key application of BPS, with multi-objective algorithms such as
NSGA-II enabling simultaneous improvement of energy efficiency and thermal comfort [14].
Deterministic and probabilistic approaches to optimization have been applied for their
ability to handle complex, non-smooth performance functions [15]. Case studies further

Energies 2025, 18, 5295 https://doi.org/10.3390/en181952951
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demonstrate the value of optimization in tailoring retrofit and comfort strategies to local
contexts [16].

Finally, current advances increasingly integrate data-driven methods into traditional
simulation workflows. Hybrid frameworks combining physical modelling with machine
learning enable predictive maintenance, advanced control, and digital twin applications [5].
The rapid expansion of sensor networks and IoT technologies is accelerating these devel-
opments, pointing towards a future where BPS will be tightly integrated with real-time
building management and urban energy systems [17,18].

BPS methods based on macroscale models are complemented by computational fluid
dynamics (CFD) methods for a detailed analysis of the distribution of air parameters in the
room, which allows, for example, for the assessment of local human thermal sensations or
the distribution of pollutants in the zone.

Against this background, this Special Issue of Energies, “Building Energy Performance
Modelling and Simulation”, brings together a diverse set of research contributions. The
published papers demonstrate the breadth of applications of simulation and modelling
techniques—from building retrofits and new design concepts, through data-driven opti-
mization, to advanced computational fluid dynamics (CFD) analysis. Together, they form a
comprehensive picture of current advances in building energy performance research.

Retrofitting and Climate-Resilient Design

The issue features three contributions that focus on the retrofit of existing housing
stock. Ferdyn-Grygierek and Grygierek present a comparative analysis of passive and ac-
tive retrofit solutions in ageing multifamily housing in Central Europe. Their co-simulation
approach, combining EnergyPlus and CONTAM, reveals the high potential of hybrid
passive measures such as solar protective glazing and reflective roofs to reduce summer
overheating while maintaining winter energy efficiency. The work highlights the impor-
tance of tailoring retrofit strategies to future climate conditions.

A complementary perspective is offered by Menconi et al., who analyze retrofit strate-
gies for traditional listed dwellings in the UK. Their study underlines the tension between
heritage preservation and energy efficiency, proposing systemic approaches to passive
retrofitting that respect the thermo-hygrometric balance of historic constructions. This
contribution demonstrates that responsible retrofit can simultaneously safeguard cultural
value and contribute to climate targets.

Ciuman et al. provide insights into newly designed single-family houses within the
framework of the “4E Idea”—energy-saving, ecological, ergonomic, and economic. Their
simulations in IDA ICE highlight the role of integrated design combining efficient HVAC
systems, renewable energy sources, and cost optimization. The results not only serve as a
proof-of-concept but also provide benchmarks for future sustainable residential designs.

Data-Driven Modelling and Machine Learning

Two papers explore the integration of artificial intelligence and digital methods into
building energy assessment. Nassif et al. apply machine learning techniques—ranging
from linear regression to neural networks and ensemble methods—to predict heating
coil performance in HVAC systems. Their results point to bagging and neural networks
as highly promising approaches, capable of improving system efficiency and reducing
operational uncertainties.

Tsikas et al. advance this line of research by proposing a BIM-based machine learning
application for a parametric assessment of residential building energy performance. By
training statistical and AI models on a dataset of 337 BIM-derived instances, they demon-
strate that artificial neural networks can serve as accurate surrogate models for complex
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energy simulations. Importantly, they also deliver a user-friendly interface tool, making
such predictive modelling accessible for practical design applications.

Advanced Thermal and Airflow Simulation

The Special Issue also contains valuable contributions addressing the detailed phys-
ical modelling of building components and airflows. Urzędowski et al. use CFD and
statistical analysis to investigate how material parameters, such as surface emissivity and
roughness, affect the thermal resistance of ETICS wall systems. Their results show the
potential of reflective coatings and microstructural optimization to significantly enhance
wall performance while reducing thickness, with implications for prefabricated elements.

Hurnik et al. conduct a comprehensive validation of different turbulence models in
predicting sidewall jet airflow in rooms. Their study confirms the reliability of the standard
k-ε and EVTM models while highlighting the limitations of other approaches. This research
provides practical guidance for selecting CFD models in HVAC design, particularly in the
early stages where accurate airflow prediction is crucial for comfort assessment.

Urban and Occupancy-Related Factors

Beyond the scale of individual components and systems, the issue also includes
research on urban and human-related aspects of energy performance. Sadłowska-Sałęga
and Wąs evaluate the impact of shading from neighbouring buildings in the historic
centre of Kraków. Their simulations show that shading can increase heating demand
while substantially reducing cooling loads, emphasizing that urban morphology must be
accounted for in retrofit strategies and HVAC system sizing.

Nam and Kim explore energy performance improvements in Korean senior centres.
Their combination of simulation and economic feasibility analysis reveals that although
multiple measures improve efficiency, boiler replacement is the only intervention with a
positive long-term economic return without government subsidies. This study is a reminder
of the importance of coupling technical performance with financial viability in real-world
decision-making.

Norouziasl et al. investigate occupancy factors in a US small office buildings using
agent-based modelling combined with EnergyPlus simulations. They identify occupant
density as the most influential parameter across climate zones. The study highlights the
stochastic nature of occupancy and demonstrates the value of dynamic schedules for more
realistic energy modelling.

Conclusions and Perspectives

Taken together, the contributions in this Special Issue reflect both the maturity and the
evolving frontiers of building energy performance simulation. On one hand, the works
confirm the central role of simulation in assessing retrofit strategies, system performance,
and comfort conditions. On the other, they showcase emerging opportunities—from AI-
based surrogate modelling to hybrid physical-data approaches—that promise to accelerate
and enhance decision-making in both design and operation.

Looking forward, several trends are likely to shape the field:

• the integration of physics-based and machine learning models into hybrid frameworks;
• increased emphasis on resilience to climate change, particularly in retrofitting existing

and historic stock;
• the extension of simulation from individual buildings to urban contexts, incorporating

morphology and microclimate;
• and the systematic inclusion of user behaviour and economic feasibility in

performance assessments.

3



Energies 2025, 18, 5295

We hope that the articles presented here will serve as inspiration and a valuable
reference for researchers, practitioners, and policymakers engaged in creating energy-
efficient, resilient, and comfortable built environments.
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8. Sadłowska-Sałęga, A.; Wąs, K. Impact of Shading Effect from Nearby Buildings on Energy
Demand and Load Calculations for Historic City Centres in Central Europe. Energies 2024,
17, 6400. https://doi.org/10.3390/en17246400.

9. Nam, A.; Kim, Y.I. Prioritizing Energy Performance Improvement Factors for Senior Centers
Based on Building Energy Simulation and Economic Feasibility. Energies 2024, 17, 5576. https:
//doi.org/10.3390/en17225576.

10. Norouziasl, S.; Vosoughkhosravi, S.; Jafari, A.; Pang, Z. Assessing the Influence of Occupancy
Factors on Energy Performance in US Small Office Buildings. Energies 2024, 17, 5277. https:
//doi.org/10.3390/en17215277.

References

1. Buildings—Energy System. Available online: https://www.iea.org/energy-system/buildings (accessed on 21 September 2025).
2. Harish, V.S.K.V.; Kumar, A. A Review on Modeling and Simulation of Building Energy Systems. Renew. Sustain. Energy Rev. 2016,

56, 1272–1292. [CrossRef]
3. Negendahl, K. Building Performance Simulation in the Early Design Stage: An Introduction to Integrated Dynamic Models.

Autom. Constr. 2015, 54, 39–53. [CrossRef]
4. Østergård, T.; Jensen, R.L.; Maagaard, S.E. Building Simulations Supporting Decision Making in Early Design—A Review. Renew.

Sustain. Energy Rev. 2016, 61, 187–201. [CrossRef]

4



Energies 2025, 18, 5295

5. Pan, Y.; Zhu, M.; Lv, Y.; Yang, Y.; Liang, Y.; Yin, R.; Yang, Y.; Jia, X.; Wang, X.; Zeng, F.; et al. Building Energy Simulation and Its
Application for Building Performance Optimization: A Review of Methods, Tools, and Case Studies. Adv. Appl. Energy 2023,
10, 100135. [CrossRef]

6. Wang, H.; Zhai, Z. Advances in Building Simulation and Computational Techniques: A Review between 1987 and 2014. Energy
Build. 2016, 128, 319–335. [CrossRef]

7. Hong, T.; Chou, S.K.; Bong, T.Y. Building Simulation: An Overview of Developments and Information Sources. Build. Environ.
2000, 35, 347–361. [CrossRef]

8. Wetter, M. Co-Simulation of Building Energy and Control Systems with the Building Controls Virtual Test Bed. J. Build. Perform.
Simul. 2011, 4, 185–203. [CrossRef]

9. Ma, Z.; Cooper, P.; Daly, D.; Ledo, L. Existing Building Retrofits: Methodology and State-of-the-Art. Energy Build. 2012, 55,
889–902. [CrossRef]

10. Crawley, D.B.; Hand, J.W.; Kummert, M.; Griffith, B.T. Contrasting the Capabilities of Building Energy Performance Simulation
Programs. Build. Environ. 2008, 43, 661–673. [CrossRef]

11. Reinhart, C.F.; Cerezo Davila, C. Urban Building Energy Modeling—A Review of a Nascent Field. Build. Environ. 2016, 97,
196–202. [CrossRef]

12. Kontokosta, C.E.; Tull, C. A Data-Driven Predictive Model of City-Scale Energy Use in Buildings. Appl. Energy 2017, 197, 303–317.
[CrossRef]

13. Na, W.; Wang, M. A Bayesian Approach with Urban-Scale Energy Model to Calibrate Building Energy Consumption for Space
Heating: A Case Study of Application in Beijing. Energy 2022, 247, 123341. [CrossRef]

14. Bre, F.; Fachinotti, V.D. A Computational Multi-Objective Optimization Method to Improve Energy Efficiency and Thermal
Comfort in Dwellings. Energy Build. 2017, 154, 283–294. [CrossRef]

15. Wetter, M.; Wright, J. A Comparison of Deterministic and Probabilistic Optimization Algorithms for Nonsmooth Simulation-Based
Optimization. Build. Environ. 2004, 39, 989–999. [CrossRef]

16. Griego, D.; Krarti, M.; Hernández-Guerrero, A. Optimization of Energy Efficiency and Thermal Comfort Measures for Residential
Buildings in Salamanca, Mexico. Energy Build. 2012, 54, 540–549. [CrossRef]

17. Agouzoul, A.; Tabaa, M.; Chegari, B.; Simeu, E.; Dandache, A.; Alami, K. Towards a Digital Twin Model for Building Energy
Management: Case of Morocco. Procedia Comput. Sci. 2021, 184, 404–410. [CrossRef]

18. Wang, W.; Guo, H.; Li, X.; Tang, S.; Xia, J.; Lv, Z. Deep Learning for Assessment of Environmental Satisfaction Using BIM Big
Data in Energy Efficient Building Digital Twins. Sustain. Energy Technol. Assess. 2022, 50, 101897. [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.

5



Article

Towards Climate-Resilient Dwellings: A Comparative Analysis
of Passive and Active Retrofit Solutions in Aging Central
European Housing Stock
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Abstract

This article evaluates the effectiveness of various energy retrofit solutions—both passive
and active—for reducing energy demand and improving indoor thermal conditions in
apartments of typical multifamily buildings in Central Europe, considering current and
future climate conditions. This study combines computer-based co-simulations (EnergyPlus
and CONTAM) with in situ thermal measurements to identify challenges in maintaining
indoor thermal conditions and to support model validation. Key indicators include the
number of thermal discomfort hours and heating and cooling demand. The evaluated
strategies include passive measures (wall insulation, green or reflective roofs, roller blinds,
solar protective glazing) and active solutions such as mechanical cooling. The comfort
operative temperature range of the adaptive model is adopted as a measure of thermal
comfort and the energy demand in individual apartments as a measure of energy efficiency.
The simulation results showed that solar protective glazing combined with a reflective roof
reduced thermal discomfort hours by up to 95%, while modern windows alone decreased
them by 90% and lowered heating demand by 18%. In contrast, typical passive solutions
such as internal blinds or balconies were significantly less effective, reducing discomfort
hours by only 11–42%. These findings highlight that, while no single retrofit measure is
universally optimal, well-selected passive or hybrid strategies can substantially improve
summer comfort, maintain winter efficiency, and reduce long-term reliance on energy-
intensive cooling systems in aging multifamily housing.

Keywords: thermal comfort; heating and cooling demand; multifamily buildings; energy
simulation; climate change

1. Introduction

In the face of ongoing climate change, the energy retrofit of residential buildings is
becoming not only a matter of energy efficiency and cost savings, but also one of resi-
dents’ comfort and health. With rising average temperatures and the increasing frequency
of extreme weather events (such as heatwaves), the challenges associated with building
modernization are taking on a new dimension. Traditional energy retrofits have primarily
focused on reducing heat loss and improving energy efficiency during the winter season.
While many buildings now have insulated facades, reducing heating use, global warming

Energies 2025, 18, 4386 https://doi.org/10.3390/en181643866
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has led to apartment overheating during summers [1–5]. Furthermore, insufficient ventila-
tion [6,7] and the behavior of residents, such as the improper use of windows or blinds [8,9],
can exacerbate the risk of overheating. Many older residential buildings, particularly in
Central and Eastern Europe, were not designed with high temperatures and increased heat
loads in mind. Transforming these structures into more heat-resilient infrastructures can be
both costly and technically challenging, due to structural or urban planning limitations, for
example. This necessitates a thorough analysis of how new solutions can be implemented
in existing buildings, such as appropriate solar insulation, shading systems, or passive
ventilative cooling, which were not always considered in older designs.

The problem of the overheating of dwellings covers various climatic areas, not only
the warmest ones [10]. The report of the Ministry of Housing, Communities and Local
Government [11] lists, among others, Germany and France, where air-conditioned build-
ings are not standard. The literature clearly indicates the benefits of having buildings
with a more efficient thermal envelope; but, relying solely on retrofit strategies based on
building insulation can yield unexpected results if the risk of overheating is not taken into
account [12,13]. Unfortunately, heatwaves are expected to become more frequent and with
higher temperatures as global warming continues [14]. To address this problem, building
retrofits in the temperate climatic conditions of Europe should balance winter heat loss
reduction with passive cooling measures in summer [15–17].

1.1. Literature Review

Numerous studies have demonstrated the potential of passive strategies in reducing
energy demand and mitigating summer overheating in existing buildings. These strategies
include external insulation, shading devices, reflective surfaces, night ventilation, and
improvements in window design [10,16,18–26]. In their conclusions, the authors highlight
the crucial importance of properly selecting window glazing, given its substantial impact
on energy efficiency. Several simulation-based analyses confirm that combining passive
solutions—such as insulation and shading—with hybrid systems that integrate passive
techniques and active air conditioning can significantly reduce energy use and improve
indoor human comfort in both hot and temperate climates [23–35]. The authors acknowl-
edge that ventilative cooling, particularly night-time ventilation when integrated with
other passive strategies, can result in a near-complete reduction in thermal discomfort. The
benefits of ventilative cooling have also been widely recognized and highlighted within
the framework of the International Energy Agency’s Annex 62 [36]. Recent reports from
international bodies such as UNEP (United Nations Environment Programme) [37] and
GlobalABC [38] also emphasize the importance and feasibility of implementing passive
cooling during retrofit interventions, particularly in urban housing.

Despite the availability of passive technologies, one of the most critical and often
overlooked aspects is user behavior. Studies show that occupant actions—especially
window operation—can dramatically influence both cooling potential and overall building
performance [39–42]. Behaviorally driven ventilation effectiveness varies widely, and
probabilistic models have been proposed to account for this variability [43–45]. So far,
no universal model for modeling the behavior of building users has been developed.
This may be particularly difficult for residential buildings, where the users are people
of different ages who have very different preferences regarding indoor conditions and,
consequently, very different settings related to heating, ventilation, and air conditioning
systems. Although the ASHRAE Global Occupant Behavior Database [46,47] provides a
useful international reference, its coverage of window-opening behavior—especially for
passive cooling purposes in residential buildings—is limited, both geographically and
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seasonally. As a result, tailored or localized modeling approaches are still needed to
realistically capture human interaction with natural ventilation systems.

This variability in occupant behavior becomes even more significant when consid-
ered in the context of climate change, which is projected to exacerbate the risk of sum-
mer overheating and thermal discomfort—even in buildings that have undergone energy
retrofits [48–53]. For example Escandón et al. [51] predicted an increase of 35% in the
thermal discomfort hours in summer for multifamily buildings constructed in Spain. Sim-
ilar conclusions were reached by Moazami et al. [52], who calculated the energy use of
16 standard ASHRAE buildings under different climate scenarios for Geneva. Recent
multi-city projections of cooling degree days in seven European countries indicate that this
indicator may roughly double by 2050—with the largest relative increases occurring in
northern locations—highlighting the need to anticipate changes to the building stock and
shifts in occupant behavior when planning retrofit strategies for European climates [54].
While passive methods such as night ventilation and solar shading can delay or mitigate
the need for mechanical cooling, their effectiveness under future climate scenarios—and in
relation to user behavior—remains insufficiently studied [55].

1.2. Research Gap, Aim, and Scientific Novelty

Buildings in Central and Eastern Europe, particularly older multifamily housing, face
significant challenges in maintaining thermal comfort with low energy use under changing
climatic conditions. In Poland, residential buildings account for a substantial share of
the country’s total energy use, reaching 20.2% in 2021 [56], which is similar to the EU
average. Of the 6.8 million residential buildings [57] (14.6 million apartments), 68% are in
multifamily structures, mostly built in the 1960s–1970s with prefabricated concrete [58].
Thermally upgrading this aging building stock has become a strategic priority, not only for
energy savings but also for ensuring acceptable indoor thermal environments.

Despite growing interest in methods of reducing room overheating, many areas are
still not sufficiently researched. There is a lack of systematic studies on the synergistic
effect of combining passive and active approaches. There is a gap in the analysis of
how the effectiveness of these methods changes with predicted climate changes, such
as increasing average temperatures or intensifying heatwaves, especially for naturally
ventilated buildings. Most simulation studies assume constant air exchange, which greatly
simplifies the problem and does not take into account the variability of the infiltrating
air flow, especially in the case of the probabilistic behavior of people in terms of opening
windows. The influence of wind and the stack effect are practically omitted in building
performance simulation due to the difficulty of modeling gravity ducts in buildings, which
affects the accuracy of the assessment of instantaneous heat loads, especially in multi-story
buildings. A significant part of the research is focused on the design of new buildings that
are resistant to climate change. Meanwhile, the issues of energy-efficient passive renovation
methods of existing buildings are relatively poorly developed. This is important because
most of the global building stock consists of older structures that require adaptation.
Solving these problems can significantly contribute to sustainable building development
and enhance energy efficiency in the context of climate change.

Apartments on the top floor of multifamily buildings are more exposed to the influence
of the external environment than other apartments due to contact with the roof, especially
when the roof is not insulated. Therefore, this research aims to assess renovation solutions
that improve thermal conditions in such apartments, taking into account the probabilistic
behavior of residents in operating windows in Polish buildings with natural ventilation.
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This study answers two key questions: (1) How effective are different passive cool-
ing energy retrofit solutions—individually, in combination, and together with mechani-
cal cooling—in controlling the indoor thermal climate and saving energy in the current
and future conditions of central Europe? (2) Will passive solutions provide thermal com-
fort conditions in dwellings in the future? The effectiveness of several energy retrofit
measures—including shading, envelope insulation, and solar reflectance—is assessed us-
ing the building performance simulation method. First, the temperature measurements
are taken in existing buildings to determine the problem of maintaining the desired ther-
mal conditions to ensure thermal comfort for residents. Then, a multivariant thermal
assessment of apartments for the entire year is performed on a building model covering
the top and penultimate floors based on co-simulations using EnergyPlus and CONTAM
programs.

The main contributions and innovative aspects of this study are summarized
as follows:

• Dynamic thermal assessment with ventilation modeling: A novel method is developed
to integrate mass and energy transfer calculations, enabling the determination of
variable ventilation airflow at each simulation step. This allows for precise evaluation
of instantaneous human thermal comfort and air cooling potential throughout the year.
The approach addresses a significant research gap in assessing naturally ventilated
buildings, especially those with gravity ventilation ducts, under real-time internal and
external thermal loads.

• Behavior-integrated energy modeling: By incorporating realistic occupant behavior,
particularly window opening patterns, this study reveals how human actions influence
the performance of HVAC systems and passive cooling techniques. This behavioral as-
pect enhances the realism and applicability of simulation results in residential settings.

• Comparative evaluation of passive and active cooling strategies: This study compares
passive, active, and hybrid cooling methods, both individually and in combination,
identifying the most effective solutions for maintaining indoor thermal comfort in
the face of climate warming. This comparative framework is especially relevant for
retrofitting older buildings in Central and Eastern Europe.

Together, these innovations provide a comprehensive and practical framework for im-
proving the thermal performance of aging residential infrastructures in a changing climate.

2. Methods

2.1. Research Object

One segment of a multifamily building with five residential floors, built in the 1960s
and located in southern Poland, was selected for this study. Each floor contains three apart-
ments with areas ranging from 43 to 63 m2. Each apartment consists of two main rooms,
kitchen and bathroom with toilet. Six apartments on the two upper floors were taken into
account (Figure 1).

The apartments have windows facing north-east and south-west. In its current form,
the building has a reinforced concrete structure (prefabricated walls and nonventilated
reinforced concrete roof) and has been partially renovated (only insulation of external
walls). The building has typical double-glazed windows (argon gas 90% in the chamber)
with a solar heat gain coefficient of 0.64 and a heat transfer coefficient U = 1.1 W/m2K.
The building is equipped with a central heating system with radiators. Fresh air enters
the building through leaks in windows and doors; after mixing with air in the rooms, it
is removed through ventilation grilles connected to gravity chimneys. Each apartment
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is equipped with two gravity chimneys; one is located in the kitchen, the other in the
bathroom. This is a typical ventilation system solution in residential buildings in Central
and Eastern Europe.

Figure 1. Building under consideration: (a) building view and (b) view of thermal model geometry.

2.2. Locations and Climate Scenarios

The Central Europe location selected for analysis, which corresponds to one of the
major cities in southern Poland, was Katowice. This location is characterized by a temperate
transitional climate (Dfb class according to the Köppen–Geiger classification [59]). For the
simulations, the typical meteorological year (TMY) [60] and future climate were calculated
based on global warming forecasts for 2050 (Figure 2). In the TMY, the temperature changed
from −18.7 ◦C to 31.0 ◦C during the year, with an average value of 8.1 ◦C. The predicted
climate data were calculated from the A2 emissions scenario (one of the most popular
scenarios in the literature [61]). For the climate, the temperature ranged from −13.9 ◦C to
37.6 ◦C, with an average annual temperature of 11 ◦C.

Figure 2. Variability of hourly external air temperature for this study.

2.3. Measurements In Situ

The measurements had two aims: to present the problem of overheating in apartments
and to validate the thermal model. For a period of 8 months in 2021, the indoor air tem-
perature and relative humidity were recorded (with a 5 min time step) in two apartments
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(A11 and A12). Data loggers AR236.B (APAR Control, Raszyn, Poland) with an accuracy of
±0.3 ◦C for temperature and ±2%RH for humidity were used. In each apartment, there
were two recorders from January to August to check the thermal conditions in different
periods of the year. For the analysis, the average value of temperature in each apartment
(at each recording step) was calculated. During the measurements, the residents used the
rooms freely, including manual operation of windows and blinds. Historical climate data
were imported from the nearest weather station of the Institute of Meteorology and Water
Management–State Research Institute [62].

2.4. Building Thermal Model and Simulation

The thermal calculation using the multizone model of the selected building frag-
ment was performed using EnergyPlus 9.4 (US Department of Energy, Washington, DC,
USA) [63] connected with CONTAM 3.4 (National Institute of Standards and Technology,
Gaithersburg, MD, USA) [64] simulation programs (Figure 3). In this research, due to the
lack of a gravity chimney model in the air flow network (AFN) module of EnergyPlus and
available in CONTAM and the simplicity of modeling in the CONTAM program, it was
decided to model the natural ventilation in this program. This connection was made using
the functional mock-up unit (FMI) standard [65].

Figure 3. Co-simulation scheme of CONTAM and EnergyPlus.

The apartments on the top two floors were modeled (Figure 1). Each apartment was
treated as a separate thermal zone, which was used as an open space due to its small
size. This simplification had little impact on the results because, in reality, internal doors
in apartments are usually open, allowing air to flow freely between rooms. Internal
walls were considered as additional thermal mass inside the apartments. This model
took into account uncontrolled airflows, penetrating through openings and leaks in the
envelope of the building. The following airflows of natural (gravitational) ventilation were
balanced: flow through gaps in windows, flow through an open or tilted window, and flow
through gravitational ventilation ducts. It was assumed that the large balcony window
with dimensions of 62 by 192 cm could be opened or tilted, and the small window with
dimensions of 62 by 97 cm could be tilted. The model was described in detail in ref. [7].
The input data for the thermal model used in the case studies are listed in Table 1.

The key part of this research was to properly model people’s behavior regarding
window opening. In reality, this activity is uncontrolled and depends on the individual
preferences of the residents. In this study, a stochastic window opening control model

11



Energies 2025, 18, 4386

was created, taking into account the behavior of the residents, which depended on the
outdoor temperature, indoor comfort temperature, wind speed, and air change rates. It
proposed a probabilistic approach in which the window settings could change during the
day (with probabilities of 0.5) and at night (0.25), with specific time and degree restrictions
for opening and closing windows. The key assumptions included the following: (i) initial
constraints: window opening depended on the wind speed, the difference in indoor and
outdoor temperatures, and the comfort temperature (windows could only be opened if the
wind speed was low, the ambient temperature was lower than the indoor temperature, and
the indoor operative temperature was above the comfort level); (ii) window opening levels:
tilting the balcony window, tilting the balcony window and a small window, fully opening
the balcony window, and tilting the small window, (iii) time constraints: changing the
window opening level was possible during the day at hourly intervals; (iv) additional rules:
constraints were introduced to avoid draughts and excessive cooling of the rooms. The limit
values of input parameters (e.g., wind speed and temperature differences) at which the
window opening was changed were optimized using genetic algorithms. The parameters
were selected to minimize the number of hours of thermal discomfort with limited air
change rates. The window opening controller was integrated with the EMS module of
EnergyPlus. The window setting was changed, taking into account the stochastic nature of
human behavior in controlling the windows. Each retrofitting scenario was simulated ten
times, with variations in results arising from the applied stochastic model. The final results
used in the analysis represent the average across all simulations for each case. A detailed
description of the model and optimization can be found in our previous paper [7].

Table 1. Input data for the thermal model.

Model Component Input Value Operating Time Comment

Heating Indoor temperature setpoints:
apartments: 21 ◦C; staircase: 16 ◦C From September to May According to EN 16798-1:2019

standard [66]

Cooling Indoor temperature setpoints: 26 ◦C
(only apartments)

All year; only in cases with a
cooling system

According to EN 16798-1:2019
standard [66]

Occupants
126 W per person during the day,

73 W per person during the
night (sleeping)

According to the individual
schedule in each apartment

(Figure A1), there was always at
least one person in the apartment

According to ASHRAE-55
standard [67]

Lighting Apartments 3.5 W/m2
Day: turned on when the lighting
intensity is lower than 250 lm/m2

Night: turned off

LED lamps and typical lighting
intensity for residential premises

were adopted

Equipment Electric hob: 500 W; fridge: 150 W or 250
W; computer: 100 W; and TV: 175 W

According to the individual
schedule in each apartment

(Figure A2)

According to the typical home
equipment power

Infiltration Airflow calculated in each time step for
each zone All year One-way flow using POWERLAW

model

Opening windows Variable airflow calculated in each time
step for each zone According to schedule Two-way flow model

(single opening)

Mechanical ventilation Constant airflow in each time step for
each zone

All year; only in cases with a
cooling system

According to EN 16798-1:2019
standard [66]

Window blinds
Internal blinds with a solar

transmittance of 0.4 and a solar
reflectance of 0.4

ON-OFF operating.
ON mode: the operative indoor

temperature exceeds the comfort
temperature by 1.5 K and the
perpendicular to the window

solar radiation exceeds 150 W/m2

Probability of blinds being closed
and opened: 0.5
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2.5. Thermal Model Validation

Validation of simulation results was carried out based on indoor temperature measure-
ments in two apartments, A11 and A12, in the summer period (June–August). During this
period, the heating system was not working and the indoor temperature resulted only from
the heat balance in the apartments. The real use of the rooms was not recorded. Therefore,
for validation, the indoor heat gains and the window opening schedule were calibrated to
match the temperature variation courses. The model also included historical climate data.

The two indicators given in the ASHRAE guide [68] were used to assess the compliance
of the simulation model: the normalized mean bias error (NMBE) and the coefficient of
variation of root mean squared error CV(RMSE), which are calculated from

NMBE =
∑n

i=1(Mi − Si)

(n − p)·Mi
× 100, (1)

CV(RMSE) =
1

Mi

√
∑n

i=1(Mi − Si)
2

n − p
× 100. (2)

where Mi is the measured value, Si is the simulated value, n is the number of compared
values, Mi is the mean of the measurement values, and p is the number of adjustable
model parameters. The ASHRAE guide suggests these as maximum errors for energy
use in buildings, but some researchers also take them into account when comparing
indoor temperatures.

Measured indoor temperature data, originally recorded with a 5 min time step, were
averaged over three consecutive intervals to match the 15 min time step used in the
simulation results for validation purposes (Figure 4). Empirical verification regarding
indoor temperature makes the results of the simulation calculations reliable, accurate,
and valid for use in this study. The values of the NMBE and CV(RMSE) indicators are
small: NMBE is 0.5% and CV(RMSE) is 2% in apartment A11 and 3% in apartment A12.
Correlation coefficients R are very high and range from 0.92 in A12 to 0.97 in A11.

(a)

(b)

Figure 4. Variation of 15 min value and correlation of measured and calculated indoor air temperature
from June to August for (a) apartment A11 and (b) apartment A12.
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2.6. Energy Retrofit Improvements and Evaluation Criteria

The analysis was carried out for three main groups of improvements—building insu-
lation, solar radiation control, and mechanical cooling (Figure 5)—which were divided into
nineteen detailed variants of solutions affecting thermal conditions and energy demand
in the building (Table 2). In the first part of the analysis, the influence of the envelope
insulation was checked. Next, simulations were performed using passive solar control,
i.e., balconies, green roofs, and a roof covered with a membrane reflecting solar radiation,
alongside a reflective roof and windows with better parameters from the point of view of
solar protection. Finally, active thermal condition control, i.e., a mechanical cooling system,
was simulated. Some combinations of improvements were also calculated, such as solar
protective glazing and a cool roof, mechanical cooling and solar protective glazing, and
mechanical cooling and a cool roof.

Figure 5. Flow chart illustrating the process of selecting and narrowing down simulation scenarios.

Six cases (in blue line in Figure 5) were simulated using both current climate and
future predicted climate data. In all cases (except for two), the rooms were aired by opening
windows and internal roller blinds were turned on. In order to demonstrate the validity
of using ventilation by opening windows and blinds on windows, additional simulations
were carried out without these elements. All the simulations were performed with a 15 min
time step for the whole year.

For cases without mechanical cooling, the number of thermal discomfort hours
throughout the year and the indicators of the heating demand per square meter of the
floor were evaluated. For cases with mechanical cooling, it was assumed that the comfort
conditions were met, but this criterion was not assessed while the heating and cooling
energy were evaluated. The annual energy demand in individual apartments was adopted
as an energy efficiency index, expressed per square meter of floor area. In turn, an adaptive
model based on the recommended ranges of indoor operative temperature according to
the EN 16798-1:2019 standard [66] was adopted as a measure of human thermal comfort.
In this study, the limits of the comfort temperature were calculated for category II of the
thermal environment, i.e.,
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Tocom f ort = 0.33 × Tout + 18.8 ± 3.0, (3)

where Tout is the weighted mean of the previous 7-day daily mean outdoor air temperature
(◦C); the limits only apply when the running mean outdoor temperature is greater than
10 ◦C. Below this threshold—which applies during the colder seasons of the year—the
adaptive comfort model assumes a constant of the operative comfort temperature of
20 ◦C for category II indoor environments. This condition was maintained by the heating
system. In EnergyPlus, the operative temperature is calculated as the average of the indoor
air temperature and the mean radiant temperature of the zone. The “zone-average” method
was used to calculate the mean radiant temperature as a weighted average. This method
assumes that the person is at the center of the zone. This model is commonly used
in the thermal simulation of residential buildings where the location of the occupants
changes dynamically.

Table 2. Considered cases and solutions to improve thermal conditions in apartments.

Improvement
Case

1 2 3 * 4 5 6 ** 7 8 9 10 11 12 13 14 * 15 ** 16 17 18 19

Building
insula-

tion

Walls
insulated � � � � � � � � � � � � � � � � � �

Roof
insulated � � � � � � � � � � � � � � � � �

Natural
ventila-

tion

All
windows

closed
�

Opening
windows � � � � � � � � � � � � � �

Solar
radiation
control

Internal
blinds � � � � � � � � � � � � � � � � � �

Balcony � �

Green roof � �

Reflective
roof � � � �

Solar
protective

glazing
� � � �

Mechanical
cooling

Air condi-
tioners,

mechanical
ventilation

� � � �

Climate
Current
(TMY) � � � � � � � � � � � � �

Future 2050 � � � � � �

* Base models for current and future climates. ** Includes two sub-cases a and b with different balcony depths.

2.6.1. Building Insulation

Three cases were considered as follows:

• Completely insulated building (used as a base model for comparison): insulation of
the flat roof with 20 cm of mineral wool (U = 0.146 W/m2K) and the existing condition
of the external walls insulated by 15 cm of mineral wool (U = 0.196 W/m2K);

• Partly insulated building (the building in its current state): external wall insulated
with 15 cm of mineral wool (U = 0.196 W/m2K) and the flat roof uninsulated
(U = 0.632 W/m2K);
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• Uninsulated building (original construction condition from the 1960s): the external
wall has only old insulation made with 5 cm of mineral wool between the structural
layers of the wall (U = 0.750 W/m2K) and flat roof uninsulated (U = 0.632 W/m2K).

2.6.2. Solar Radiation Control

Two variants with balconies of 120 and 160 cm depth for balcony doors were con-
sidered (Figure 6). The width of the balcony for apartments A1, A3, A11, and A13 was
the width of the external walls, i.e., 4.30 m. For apartments A2 and A12, the width of the
balcony was 2.60 m, which was approximately 1/3 of the width of the external wall. For
apartments A11–A13, a slab acting as a roof was also planned.

Figure 6. Proposition of balcony construction and model geometry view.

When designing the green roof structure, the main assumption was to select param-
eters that would best reduce indoor temperature in the summer. The main parameter
considered is the leaf area index (LAI), which means the ratio of leaf area to ground area.
The higher the parameter value, the greater the plant density in relation to the ground
area in which it is located. The LAI = 5 was assumed aligning with Mahmoodzadeh [69].
The model took into account the height of the plants (400 mm) and the thickness of the
substrate (150 mm).

Another analyzed solution that affected the thermal conditions in apartments was the
use of a cool roof. Such a solution is used in buildings to reduce energy demand by using
reflective coatings (with a high solar reflectance coefficient). In this study, a layer with a
solar energy absorption coefficient of 0.22 was assumed.

As one of the variants, Pilkington solar control windows were tested, consisting of
Pilkington Suncool 70/35 glass on the outside, Argon gas (90%), Pilkington Optifloat Clear
glass on the inside, Argon gas (90%), and Pilkington Optitherm SI3 glass on the inside
(solar heat gain coefficient of 0.35) [70].

2.6.3. Mechanical Cooling and Ventilation

Split air conditioners with a cooling air temperature setpoint of 26 ◦C were used
for mechanical cooling. Air conditioners are one of the most commonly used solutions
to improve thermal conditions in residential buildings in the summer. Due to the me-
chanical cooling system, the windows were not opened by residents. The calculation
model took into account the use of constant air volume ventilation with heat recovery
with an efficiency of 70% to provide the required amount of fresh air. The system pro-
vided constant airflow throughout the year, which was 126 m3/h for each apartment,
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according to the EN 16798-1:2019 standard [66] (design air flow rates by room and building
type—two main rooms in the dwelling, kitchen and bathroom).

3. Results

3.1. Assessment of Indoor Thermal Conditions Based on In Situ Measurements

The recorded values of temperature and relative humidity are presented in Figure 7.
The apartment A12 was characterized by greater load variability, which resulted in greater
instantaneous fluctuations in the indoor temperature. The same annual trend can be seen
in both apartments. In the winter–spring period, the indoor temperature was in the range
of 20–23 ◦C. During this period, the thermal conditions of the apartments were shaped
by the heating system, which in Poland generally operates from September to May. From
June, the indoor temperature increased above 26 ◦C, with values reaching as high as 30 ◦C.
During the recording, residents could open windows and use sunshades according to
their preferences, and these activities were not recorded. Despite this, the temperature
above 26 ◦C occurred for 49% and 62% of the summertime in apartments A12 and A11,
respectively. Relatively high humidity was recorded in apartment A12 in winter, which
was the result of using a humidifier. In summer, relative humidity in both apartments was
in the range of 40 to 60% (with minor exceedances up to a maximum of 70%), thus meeting
the recommended requirements of the EN 16798-1:2019 standard [66].

(a) (b)

Figure 7. Variability of measured (a) indoor and outdoor air temperature and (b) indoor relative
humidity in apartments.

It should be noted that the actual use of the rooms was not systematically recorded
during the monitoring period. The absence of detailed information on occupant behavior
(e.g., window opening patterns, shading use, occupancy schedules) introduces some
uncertainty in interpreting the measured data and limits the ability to fully correlate
observed thermal conditions with specific user actions.

3.2. Numerical Analysis

The following symbols were adopted for apartments in the analyses: on the penulti-
mate floor, A1, A2, and A3; on the top floor, A11, A12, and A13 (Figure 1).

3.2.1. Impact of External Envelope Insulation (Cases 1 to 3)

Insulating the external walls reduced heating demand by an average of 42%, with
the largest drop (75%) in corner apartment A3 without direct roof exposure (Figure 8a).
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Adding roof insulation brought further reductions, particularly for top-floor units (e.g.,
−26 kWh/m2 in A13); this was a 10-fold reduction. The reduction in heat demand was also
visible on the lower floor, which does not touch the roof. This was caused by the increase
in the indoor temperature on the top floor in the transitional period (i.e., fall and spring)
and, therefore, additional heat gains in the apartments below were present. It can also be
seen that, after the full insulation of the building envelope, the annual heat demand was
small and amounted to a maximum of 5.5 kWh/m2 in apartment A12.

(a) (b) 

Figure 8. (a) Heating demand and (b) number of discomfort hours before insulation (case 1), after
insulation of the walls (case 2), and after insulation of the walls and flat roof (case 3).

However, wall insulation alone slightly worsened the summer comfort of the residents
(due to higher heat accumulation) by 11–29% in apartments on the penultimate floor and by
3–6% on the upper floor (Figure 8b). On the other hand, the reduction in the heat transfer
coefficient of the flat roof (after insulation) had a positive effect on the thermal condition in
the building, increasing the period of thermal comfort compared with the building before
the renovation. For example, for apartment A11, the number of hours of thermal discomfort
was reduced by about 110 h per year, which is half of these hours in the same apartment
but with an uninsulated roof. The beneficial effect was not influenced by the insulation
of the partition itself (because this procedure worsens the thermal conditions) but by the
ventilation of the building by opening windows, which was more frequent and intensive
due to higher indoor temperatures. The effect was also visible in the apartments on the
lower floor, but it was, on average, only 18% (in the range of 8–30%).

3.2.2. Impact of Interior Blinds on Windows (Case 4)

Internal blinds had negligible influence on heating demand (<2%) but reduced annual
discomfort hours by 11–19% (Figure 9). The effect was more pronounced on the penultimate
floor (over 17% reduction) than the top floor (13%), reflecting differences in solar exposure.
The heating demand effect was poor because, in winter, the blinds were very rarely used.

Internal blinds may be a temporary solution and, as climate changes, their impact on
improving indoor conditions will decrease [7]. Due to the construction of the blinds on the
inside of the window, they provide little insulation against solar radiation and external
gains, i.e., heat penetrates the interior of the room.
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Figure 9. Number of discomfort hours for cases with (case 3) and without (case 4) internal blinds
on windows.

3.2.3. Impact of Additional Ventilation by Open Windows (Cases 3 and 5)

Keeping the windows closed reduced the heating demand by 27% in apartment A13
to 37% in apartment A02, but caused extreme summer overheating, with the number of
discomfort hours reaching 4000 h, which is almost half of the year. Window ventilation
increased air change rates nine-fold and reduced discomfort by over 90% (Figure 10). With
closed windows, the air change rate oscillated around the value of approximately 0.25 h−1,
which, for rooms with a volume of 130 to 190 m3, provided a fresh airflow in the amount of
33 to 48 m3/h. This airflow is too small and does not meet hygiene standards [66].

The effect of occupant behavior on window operation was also examined with re-
spect to air exchange and thermal conditions. The maximum and minimum results from
10 simulations of case 3 were compared. Since the daily probability of opening or closing
windows was set at 0.5, any user “errors” (e.g., not opening or closing a window when
needed) could occur at different times of the year in each simulation. This variability
significantly impacted indoor thermal conditions. While the average annual air change
rate remained virtually unchanged, the number of discomfort hours varied by 34 to 66 h
between simulations (Figure 10). In the case of apartment A11, this difference amounted
to nearly half of the average discomfort hours across all simulations, highlighting the
substantial influence of occupant behavior on indoor environmental quality. The impact of
the ventilation system on thermal conditions and the heating demand for apartments is
described in detail our previous study [7].

(a) (b)

Figure 10. Minimum, maximum, and average (a) air change rate and (b) number of discomfort hours
for apartments in simulations of case 3.
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3.2.4. Impact of Additional Solar Radiation Control (Cases 6 to 9)

Solar radiation control strategies had varied effects (Figure 11). Balconies negligibly
increased annual heating demand (1–2% due to lower solar gains in winter) but significantly
reduced summer discomfort. For example, in apartment A12, a 160 cm deep balcony
reduced discomfort hours by 86 h (31% reduction), while a 120 cm balcony reduced them
by 67 h. The highest percentage reduction in discomfort hours—up to 42%—was observed
in apartments A1–A11 with the deeper balconies. An increase in balcony depth by 40 cm
resulted in an average improvement of 21 h in thermal comfort.

Figure 11. Energy demand for heating and cooling (only case 10) and number of discomfort hours
for standard climate.

The green roof yielded a 20% reduction in heating demand on the top floor and 7%
on the penultimate floor due to inter-floor thermal interaction. The top-floor apartments
also experienced the largest reduction in discomfort hours—up to 60%—while the average
improvement on the floor below reached 14%. These results indicate that cooler top-floor
temperatures contribute to reduced thermal loads in the apartments below, supporting the
use of green roofs as a sustainable alternative to mechanical cooling. Similarly, reflective
roofs provided up to 57% discomfort reduction on the top floor but increased heating
demand in winter (up to +13%).

Installing solar-protective glazing with low U-values reduced heating demand by 18%
on average, with greater savings (by 7 percentage points) on the penultimate floor due
to a higher window-to-surface ratio. The smallest savings were observed in apartments
A2 (12%) and A12 (7%) due to their central location and limited glazing exposure. Nev-
ertheless, this solution provided the greatest thermal comfort improvement: an average
90% reduction in discomfort hours on the penultimate floor and 85% on the top floor. In
apartment A1, discomfort hours were eliminated entirely; in A11, they were reduced to 8
h. These apartments with fewer occupants (only one to two persons, see Figure A1), and
thus lower internal gains, experienced the largest proportional benefits from solar gain
reduction.

3.2.5. Mechanical Ventilation and Cooling (Case 10)

The model that includes mechanical cooling and mechanical ventilation is charac-
terized by increased heating demand compared with a building without such systems
(Figure 11). The increase in heat demand was a consequence of ensuring thermal comfort
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conditions and providing a larger amount of fresh air required by hygiene standards.
The heat demand increased in most apartments by about 35–60% for apartments on the
penultimate floor and almost 1.5 times for apartments on the top floor. In this case, the heat
for ventilation increased despite the use of heat recovery. In apartment A12, the increase
was small, only 28% and, in apartment A2, a decrease in heat demand was even observed.
In the case of the middle apartments, which are most exposed to overheating, the windows
were opened most often in the base model, resulting in the highest heat demand index in
the base variant. Therefore, the increase in the heat demand for ventilation was no longer
significant in this case and, in apartment A2, the heat demand for ventilation was even
lower in the case of mechanical ventilation. More on this topic is provided elsewhere [7].

3.2.6. Combination of Passive and Active Solutions (Cases 11 to 13)

Typically, during renovation, several major works are carried out with the aim of
modernizing the building. To make the best use of the solutions presented in this study, sev-
eral variants were combined in different ways, thus creating their combinations. Figure 12
compares heating and cooling demands in buildings with such solutions as sun protection
windows with a reflective roof, mechanical cooling with a reflective roof, and mechanical
cooling with new windows. The solar protective glazing was the most advantageous
variant so far in terms of ensuring thermal comfort to residents. Combining it with a
reflective roof gave an even better effect, especially on the top floor, where the maximum
number of hours of discomfort was only 19 h in apartment A12 (without the reflective roof,
it was 50 h). Heating demand increased, on average, in apartments by 9% compared with
the variant with only a sun protection window.

In apartments with a mechanical cooling system, replacing the window with a sun-
proof version was a good solution. It caused a decrease in the demand for cooling by 27%
on average in apartments, but also a decrease in the heating demand by 8%. In the case
of combining mechanical cooling and a reflective roof, a decrease in cooling demand was
achieved by 13% (with the main effect on the top floor), but the demand for heat increased
by 7% on average in apartments. However, this is a much cheaper solution.

(a) (b)

Figure 12. (a) Heating and (b) cooling demand for apartments with various combinations of improvements.

3.2.7. Future Climate Conditions (Cases 14 to 19)

In the projected warmer climate, the heating demand in the apartments of the base
building drastically decreased in some apartments by as much as 6 times (Figure 13).
The average heat demand index was very low and did not exceed 1 kWh/m2. It can
be concluded that, in the future, in well-insulated buildings, the heating cost will be
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negligible. Unfortunately, increasing outdoor temperature will deepen the problem of
thermal discomfort for residents. For example, for apartment A11, the number of thermal
discomfort hours increased by as much as 780 h per year and, for apartment A12, by
900 h/year, i.e., an eight- and four-fold increase, respectively. The worst conditions (similar
to the standard climate) were recorded in apartments A2 and A12. The unfavorable
conditions lasted there for more than 13% of the year. Considering that this was mainly the
summer period from May to September, this was more than 30% of this period.

Figure 13. Energy demand for heating and cooling (only case 19) and number of discomfort hours
for future climate.

The use of shading in the form of balconies provided a similar insignificant effect on
the heat demand, as in the case of the standard climate. However, comparing the effect of
the balcony in the standard and the warm climate on the thermal conditions, the results
showed a decrease in the effect with the increase in the average global temperature. The
improvement in thermal conditions was more than half as small in the climate of 2050.

For the warm climate, a greater effect of using green and reflective roofs was observed
to reduce heat demand. For the upper floor, using a green roof resulted in a 28% decrease
in heat demand. Similar to the standard climate, the smallest effect of green and reflective
roofs on reduced heat demand was observed for apartments A2 and A12. The effect of
using a green roof and a reflective roof on reducing the number of thermal discomfort
hours was twice that of 2050.

The use of new windows with solar protective glazing reduced the heat demand
for the apartments. The heat demand decreased by 20% on average, which was very
similar to the standard climate. The smallest decrease in heating demand was achieved for
apartments A2 and A12, located in the middle of the segment. The use of new windows
also increased the thermal conditions in the warmer climate. However, this effect was
much smaller than in the standard climate and improved thermal conditions by 53% on
average. The results on the individual trends in the number of thermal discomfort hours
were the same as for the standard climate, and the least significant for middle apartments
with windows facing the southwest.

The cooling demand for the climate of 2050 was twice as high as in the standard climate,
and the increase was very even across all apartments. The values of heat demand in the
warmer climate were low and accounted for 2% to 15% of the cooling demand for individual
rooms. On average, heat demand represented 7% of cooling demand in the warmer climate.
The presented analysis reflects the expected energy use of air conditioning in apartments
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required to ensure thermal comfort, without implementing additional solutions to reduce
cooling demand.

4. Discussion

Thermal comfort was not assessed in the field measurements of this study (this
analysis was carried out based on numerical calculations); however, measurements showed
that overheating of dwellings in summer is a problem not only in warm climates—for
example, as shown by Murtyasa et al. [71] in a terraced house in Malaysia—but even in
temperate climates. Similar indoor temperature ranges (from 23 ◦C to 28 ◦C) were recorded
in living spaces in the UK climate during the heatwave in June 2018 [1]. Even higher indoor
temperatures (exceeding 30 ◦C) were reported in the same climate by Gupta et al. [28]
in 2019 and by Zahiri and Gupta in 2022 [72]. Overheating was also observed during
measurement campaigns in Spain [73] and Finland in summer of 2020 [74] and 2021 [75].
Overheating may be defined differently depending on the region, but there is a general
agreement that exceeding 26–27 ◦C is problematic [31].

The study reaffirms previous findings [71,76] that highly insulated envelopes—while
beneficial in winter—can trap heat in summer and worsen thermal conditions in build-
ings. Similar conclusions were drawn by Fallah et al. [77], who emphasized that in-
sulation retrofitting, especially in hot climates, can increase cooling energy demand.
D’Agostino et al. [78] also advised caution with excessive insulation in buildings with
high internal heat loads. A systematic review by Hu et al. [79] showed that passive tech-
niques can reduce indoor temperature by 2 ◦C on average, cut cooling loads by 30%,
and increase thermal comfort hours by 23% in warm climates. The results of this study
confirmed that such effects can also be relevant in temperate climates.

In the context of thermal retrofitting, improvements should target the weakest thermal
elements, e.g., walls, windows, and especially roofs, which accumulate heat due to solar
exposure [20]. Green roofs and solar protective windows significantly reduce thermal
loads. However, their applicability may be constrained by structural limitations or winter
performance trade-offs, e.g., reflective roofs increase heating demand due to reduced solar
gains in winter compared with conventional or green roofs [20].

In the projected 2050 warmer climate, the relative effectiveness of individual
retrofitting measures remains similar but the magnitude of their impact changes. The
average energy savings from selected passive measures (green roofs and solar windows)
increases from 16% in standard climate to 18% in warmer conditions. As ambient tempera-
tures rise, annual heating demand drops—by up to 72% in some simulated scenarios—thus
extending the payback periods of insulation-focused retrofits.

Importantly, warmer climates significantly increase thermal discomfort. Simulations
predict a four-fold rise in discomfort hours in multifamily apartments. In extreme cases,
some studies predict that acceptable thermal conditions may be met less than 5% of the
time annually [71]. Among evaluated passive strategies, solar protective glazing has
the strongest effect, followed by balconies and canopies. However, their effectiveness
varies by apartment layout and location. For top-floor apartments, green or cool roofs
can reduce discomfort hours by over 50%, consistent with findings from Spain [20] and
sub-Saharan Africa [27].

Given the time horizon of this study and the declining relevance of historical climate
baselines, future-oriented scenarios were adopted. Notably, 2023 was the hottest year
on record [80], underlining the urgency of adaptation strategies, especially for durable
prefabricated concrete buildings that still have long operational lifespans [81].
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However, some limitations must be acknowledged. First, climate variability and
uncertainty present inherent challenges in long-term simulations. Although representative
climate data for 2050 were used, such projections are based on specific scenarios and as-
sumptions. Real-world climate evolution—especially the frequency, intensity, and duration
of heatwaves—may differ significantly from modeled scenarios. Therefore, future studies
should consider multiple representative concentration pathways (RCPs) to capture a range
of possible outcomes. Second, occupant behavior modeling, particularly window operation,
remains a major source of uncertainty. In this study, a stochastic behavioral model was
employed to reflect probable user interaction with windows. Nevertheless, behavioral
responses can vary greatly across demographics, cultures, and daily routines. While the
use of probabilistic patterns improves realism compared with deterministic schedules,
the complexity of human decision making cannot be fully captured by simulations. Ad-
ditionally, the calibration of the model relies on the available literature data, which may
not fully reflect local behavioral patterns. Future research should therefore include field
studies to validate and refine behavioral assumptions. Moreover, no indoor comfort survey
was conducted in parallel with measurements, which limited the direct linkage between
subjective comfort and simulated metrics. Incorporating qualitative occupant feedback in
future studies would enrich the interpretability of results. Finally, while this study presents
a comparative analysis of passive and active strategies, economic aspects (e.g., cost–benefit
analysis) and real-world implementation feasibility were not covered in depth. From an
economic perspective, the feasibility of implementing passive and hybrid strategies can
vary significantly across solutions. Mechanical cooling systems, especially when paired
with decentralized mechanical ventilation, tend to incur the highest installation costs. While
they ensure thermal comfort, their long-term energy use and maintenance requirements
raise concerns about affordability and sustainability. Similarly, the addition of balconies,
though architecturally beneficial, typically involves higher construction costs and offers
only moderate improvements in indoor thermal conditions. By contrast, solar protective
glazing can provide the greatest reduction in discomfort hours at a similar investment cost
to balconies, suggesting a more favorable cost-to-effectiveness ratio. The most economically
advantageous strategies may be cool or green roofs, which are up to four times cheaper than
solar protective windows. However, their effectiveness diminishes on lower floors, limiting
their overall impact in multi-story buildings. These considerations suggest that passive
strategies should be prioritized not only for their environmental benefits but also for their
potential economic viability, especially in large-scale retrofitting programs targeting aging
multifamily housing stock.

Despite these limitations, the findings contribute to a better understanding of the potential
and constraints of passive retrofitting strategies under changing climate conditions. Given
the risks associated with increasing air-conditioning reliance [82,83], prioritizing passive and
hybrid solutions [28,71] remains essential for sustainable adaptation in the building sector.

5. Conclusions

The passive methods, suitable for the wide applications presented in this study, seem
to be able to significantly reduce the demand for mechanical cooling on a large scale of
retrofitted multifamily buildings in the context of climate change.

The main conclusions and recommendations are as follows:

• Insulation of the walls and roof significantly reduces heat demand, for example, a
decrease of 42–75% depending on the apartment. Unfortunately, at the same time,
thermal conditions worsen in summer due to the increase in heat accumulation in the
partitions of the building.
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• Internal blinds reduce the thermal discomfort number hours by only 11–19%, and
their effect on reducing heat demand is negligible.

• The balconies reduce the overheating of the apartments in the summer, reducing the
number of discomfort hours by 27–42%; they slightly increase the demand for heat in
the winter (by 1 to 2%).

• A green roof reduces heat demand by 20% on the top floor and improves ther-
mal conditions.

• A reflective roof effectively reduces the number of thermal discomfort hours in apart-
ments on the top floor but increases the heat demand in the winter.

• Modern windows with solar protective glazing reduce the period of human thermal
discomfort by an average of 90% and reduce the heat demand by 18%.

• Mechanical cooling effectively eliminates thermal discomfort but significantly in-
creases energy demand, especially for mechanical ventilation.

• In future climate conditions (in 2050), the heat demand will decrease by 72%, but the
number of thermal discomfort hours will increase by up to four times.

• Solutions such as balconies, green roofs, or modern windows lose some of their
efficiency in warmer climates.

• The most effective combination is solar protective glazing and reflective roof, which
reduces the number of thermal discomfort hours by 95%.

• Mechanical cooling should be avoided as a primary solution; instead, more passive
measures are recommended to improve thermal comfort.

This study covered only one building; however, the building selected is a typical
multifamily residential structure. Such buildings were constructed on a large scale between
the 1960s and 1980s to address housing shortages caused by urbanization and population
growth in Central and Eastern European countries, including Poland. Apartment blocks
from this period were characterized by standardized design, construction technology, and
functional layout. As a result, they serve as typical and easily comparable research subjects
for energy retrofit analyses. A significant portion of the population in Poland and the region
still resides in these dwellings. Therefore, energy retrofitting of this type of housing can
bring substantial benefits to a large number of residents. In summary, the multifamily
building from the 1960s is not only a symbol of the era of urban development but also
a typical example of construction that requires adaptation to contemporary climatic and
energy challenges. The results presented have practical implications for energy auditors,
designers, urban planners, and decision makers, supporting the development of energy-
efficient strategies for improving thermal conditions in aging residential buildings. These
recommendations can be summarized as follows:

• Revise building regulations and energy retrofit programs to address both winter
heat retention and summer overheating risks, especially in the context of a warm-
ing climate.

• Promote passive and hybrid solutions—such as solar protective glazing, green roofs,
external shading, and reflective surfaces—as preferable alternatives to mechanical
cooling, which increases energy demand and peak loads.

• Include overheating risk and indoor human thermal comfort as standard criteria in
energy audits and public funding schemes for building retrofits.

• Prioritize retrofit support for post-war multifamily apartment blocks, which represent
a large portion of the housing stock in Central and Eastern Europe and are particularly
vulnerable to thermal discomfort.

• Encourage the use of dynamic simulations in design and evaluation processes to better
reflect future climatic scenarios and adaptive responses.
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Future Research

In this study, only the part of the building that includes the apartments most exposed
to the impact of external conditions was analyzed. To expand this research, an analysis of
the heat demand of the entire building is planned, which allows one to determine costs and
the payback time of the investment. When a specific heat source is taken into account, it will
also be possible to determine the positive or negative impact of the proposed solutions on
the external environment. Additionally, future work may include a subjective assessment of
occupants’ thermal comfort and behavioral patterns through questionnaires. Such surveys
would require the engagement of a large number of residents to provide reliable and
representative results, and could serve as a valuable complement to the simulation-based
findings presented in this study.
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Appendix A

(a) (b)

(c)

Figure A1. Occupancy schedule for apartments (a) A1 and A11, (b) A2 and A12, and (c) A3 and A13.
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Figure A2. Schedule of use of equipment in apartments.
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8. Baborska-Narożny, M.; Stevenson, F.; Grudzińska, M. Overheating in Retrofitted Flats: Occupant Practices, Learning and
Interventions. Build. Res. Inf. 2017, 45, 40–59. [CrossRef]

9. Dubrul, C. Inhabitant Behaviour with Respect to Ventilation E A Summary Report of IEA Annex VIII; Air Infiltration and Ventilation
Centre: Montreal, QC, Canada, 1988.

10. He, Q.; Hossain, M.U.; Ng, S.T.; Augenbroe, G. Identifying Practical Sustainable Retrofit Measures for Existing High-Rise
Residential Buildings in Various Climate Zones through an Integrated Energy-Cost Model. Renew. Sustain. Energy Rev. 2021,
151, 111578. [CrossRef]

27



Energies 2025, 18, 4386

11. Ministry of Housing, Communities and Local Government. Research into Overheating in New Homes Phase 1 Report; Ministry of
Housing, Communities and Local Government: London, UK, 2019.

12. Domínguez-Amarillo, S.; Fernández-Agüera, J.; Sendra, J.J.; Roaf, S. The Performance of Mediterranean Low-Income Housing in
Scenarios Involving Climate Change. Energy Build. 2019, 202, 109374. [CrossRef]

13. Rodrigues, E.; Fernandes, M.S. Overheating Risk in Mediterranean Residential Buildings: Comparison of Current and Future
Climate Scenarios. Appl. Energy 2020, 259, 114110. [CrossRef]

14. Rahif, R.; Kazemi, M.; Attia, S. Overheating Analysis of Optimized Nearly Zero-Energy Dwelling during Current and Future
Heatwaves Coincided with Cooling System Outage. Energy Build. 2023, 287, 112998. [CrossRef]

15. Pajek, L.; Košir, M. Exploring Climate-Change Impacts on Energy Efficiency and Overheating Vulnerability of Bioclimatic
Residential Buildings under Central European Climate. Sustainability 2021, 13, 6791. [CrossRef]

16. Hao, L.; Herrera-Avellanosa, D.; Del Pero, C.; Troi, A. Overheating Risks and Adaptation Strategies of Energy Retrofitted Historic
Buildings under the Impact of Climate Change: Case Studies in Alpine Region. Appl. Sci. 2022, 12, 7162. [CrossRef]

17. Liyanage, D.R.; Hewage, K.; Hussain, S.A.; Razi, F.; Sadiq, R. Climate Adaptation of Existing Buildings: A Critical Review on
Planning Energy Retrofit Strategies for Future Climate. Renew. Sustain. Energy Rev. 2024, 199, 114476. [CrossRef]

18. Arriazu-Ramos, A.; Pons Izquierdo, J.J.; Ramos Ruiz, G.; Sánchez-Ostiz, A.; Monge-Barrio, A. Facing Climate Change in a
Temperate European City: Urban-Scale Diagnosis of Indoor Overheating and Adaptation Strategies for Residential Buildings.
Buildings 2024, 14, 1423. [CrossRef]

19. Chen, X.; Qu, K.; Calautit, J.; Ekambaram, A.; Lu, W.; Fox, C.; Gan, G.; Riffat, S. Multi-Criteria Assessment Approach for a
Residential Building Retrofit in Norway. Energy Build. 2020, 215, 109668. [CrossRef]

20. Palma, R.M.; Medina, D.C.; Delgado, M.G.; Ramos, J.S.; Montero-Gutiérrez, P.; Domínguez, S.A. Enhancing the Building
Resilience in a Changing Climate through a Passive Cooling Roof: A Case Study in Camas (Seville, Spain). Energy Build. 2024,
321, 114680. [CrossRef]

21. Gupta, S.K.; Chanda, P.R.; Biswas, A. A 2E, Energy and Environment Performance of an Optimized Vernacular House for Passive
Cooling—Case of North-East India. Build. Environ. 2023, 229, 109909. [CrossRef]

22. Oropeza-Perez, I.; Østergaard, P.A. Active and Passive Cooling Methods for Dwellings: A Review. Renew. Sustain. Energy Rev.
2018, 82, 531–544. [CrossRef]

23. Rababa, W.; Asfour, O.S. Façade Retrofit Strategies for Energy Efficiency Improvement Considering the Hot Climatic Conditions
of Saudi Arabia. Appl. Sci. 2024, 14, 10003. [CrossRef]

24. Ciardiello, A.; Dell’Olmo, J.; Ferrero, M.; Pastore, L.M.; Rosso, F.; Salata, F. Energy Retrofit Optimization by Means of Genetic
Algorithms as an Answer to Fuel Poverty Mitigation in Social Housing Buildings. Atmosphere 2023, 14, 1. [CrossRef]

25. Xie, F.; Wu, Y.; Wang, X.; Zhou, X. Optimization Strategies for the Envelope of Student Dormitories in Hot Summer and Cold
Winter Regions: Multi-Criteria Assessment Method. Sustainability 2024, 16, 6172. [CrossRef]

26. Ascione, F.; Bianco, N.; Mauro, G.M.; Napolitano, D.F.; Vanoli, G.P. A Multi-Criteria Approach to Achieve Constrained Cost-
Optimal Energy Retrofits of Buildings by Mitigating Climate Change and Urban Overheating. Climate 2018, 6, 37. [CrossRef]

27. Rincón, L.; Carrobé, A.; Martorell, I.; Medrano, M. Improving Thermal Comfort of Earthen Dwellings in Sub-Saharan Africa with
Passive Design. J. Build. Eng. 2019, 24, 100732. [CrossRef]

28. Gupta, R.; Howard, A.; Davies, M.; Mavrogianni, A.; Tsoulou, I.; Jain, N.; Oikonomou, E.; Wilkinson, P. Monitoring and Modelling
the Risk of Summertime Overheating and Passive Solutions to Avoid Active Cooling in London Care Homes. Energy Build. 2021,
252, 111418. [CrossRef]

29. Porritt, S.M.; Cropper, P.C.; Shao, L.; Goodier, C.I. Ranking of Interventions to Reduce Dwelling Overheating during Heat Waves.
Energy Build. 2012, 55, 16–27. [CrossRef]

30. Gupta, R.; Gregg, M. Care Provision Fit for a Warming Climate. Archit. Sci. Rev. 2017, 60, 275–285. [CrossRef]
31. Gupta, R.; Gregg, M. Assessing Energy Use and Overheating Risk in Net Zero Energy Dwellings in UK. Energy Build. 2018,

158, 897–905. [CrossRef]
32. Corcoran, L.; Saikia, P.; Ugalde-Loo, C.E.; Abeysekera, M. An Effective Methodology to Quantify Cooling Demand in the UK

Housing Stock. Appl. Energy 2025, 380, 125002. [CrossRef]
33. Yannas, S.; Rodríguez-Álvarez, J. Domestic Overheating in a Temperate Climate: Feedback from London Residential Schemes.

Sustain. Cities Soc. 2020, 59, 102189. [CrossRef]
34. Corcoran, L.; Ugalde-Loo, C.E.; King, L.; Demski, C.; Lowes, R. Analysing the Effects of Common Passive Cooling Strategies in

UK Homes: 16th International Conference on Applied Energy, ICAE 2024. Energy Proc. 2024, 55, 11585. [CrossRef]
35. Zukowska-Tejsen, D.; Kolarik, J.; Sarey Khanie, M.; Nielsen, T. Potential of Solar Control Solutions and Ventilation for Reducing

Overheating Risk in Retrofitted Danish Apartment Buildings from the Period 1850–1970; Technical University of Denmark: Lyngby,
Denmark, 2019.

28



Energies 2025, 18, 4386

36. EA EBC Annex 62—Ventilative Cooling. Project Summary Report. 2019. Available online: https://venticool.eu/information-on-
annex-62/annex-62-home/ (accessed on 13 June 2025).

37. UN Environment. Sustainable Buildings UNEP—UN Environment Programme. Available online: https://www.unep.org/
topics/cities/buildings-and-construction/sustainable-buildings (accessed on 13 June 2025).

38. Passive Cooling Action Group. Available online: https://globalabc.org/passive-cooling-action-group (accessed on 13 June 2025).
39. Ascione, F.; Bianco, N.; De Masi, R.F.; Mastellone, M.; Mauro, G.M.; Vanoli, G.P. The Role of the Occupant Behavior in Affecting

the Feasibility of Energy Refurbishment of Residential Buildings: Typical Effective Retrofits Compromised by Typical Wrong
Habits. Energy Build. 2020, 223, 110217. [CrossRef]

40. He, Z.; Hong, T.; Chou, S.K. A Framework for Estimating the Energy-Saving Potential of Occupant Behaviour Improvement.
Appl. Energy 2021, 287, 116591. [CrossRef]

41. Fabi, V.; Andersen, R.K.; Corgnati, S.P.; Venezia, F. Influence of User Behaviour on Indoor Environmental Quality and Heating
Energy Consumptions in Danish Dwellings. In Proceedings of the 2nd International Conference on Building Energy and
Environment, Boulder, CO, USA, 1–4 August 2012.

42. D’Oca, S.; Fabi, V.; Corgnati, S.P.; Andersen, R.K. Effect of Thermostat and Window Opening Occupant Behavior Models on
Energy Use in Homes. Build. Simul. 2014, 7, 683–694. [CrossRef]

43. Fabi, V.; Andersen, R.V.; Corgnati, S.; Olesen, B.W. Occupants’ Window Opening Behaviour: A Literature Review of Factors
Influencing Occupant Behaviour and Models. Build. Environ. 2012, 58, 188–198. [CrossRef]

44. Delzendeh, E.; Wu, S.; Lee, A.; Zhou, Y. The Impact of Occupants’ Behaviours on Building Energy Analysis: A Research Review.
Renew. Sustain. Energy Rev. 2017, 80, 1061–1071. [CrossRef]

45. Ding, Y.; Han, S.; Tian, Z.; Yao, J.; Chen, W.; Zhang, Q. Review on Occupancy Detection and Prediction in Building Simulation.
Build. Simul. 2022, 15, 333–356. [CrossRef]

46. Dong, B.; Liu, Y.; Mu, W.; Jiang, Z.; Pandey, P.; Hong, T.; Olesen, B.; Lawrence, T.; O’Neil, Z.; Andrews, C.; et al. A Global Building
Occupant Behavior Database. Sci Data 2022, 9, 369. [CrossRef]

47. Liu, Y.; Dong, B.; Hong, T.; Olesen, B.; Lawrence, T.; O’Neill, Z. ASHRAE URP-1883: Development and Analysis of the ASHRAE
Global Occupant Behavior Database. Sci. Technol. Built Environ. 2023, 29, 749–781. [CrossRef]
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Abstract: Energy performance improvements in existing homes play a substantial role in
the achievement of the UK’s net-zero emissions target. However, retrofitting dwellings
remains a particularly challenging task in the UK, where traditional dwellings make up a
large part of the building repository. Traditional dwellings’ contribution to decarbonization
has not yet been fully realized due to the risks imposed to the thermo-hygrometric balance
of their constructions and to their heritage value. These tend to hinder the “fabric-first”
approach for the retrofit of such dwellings, where active measures are often prioritized.
The aim of this research is to propose a systemic approach to intervene in Traditional
Listed Dwellings (TLDs) to improve their energy performance by means of passive retrofit
measures and to shape a more future-proof heritage. A mixed methodology was developed
that utilizes 19th C TLD case studies (CSs) in South-East England and dynamic energy
simulation (DES) to investigate their current energy performance and possible improve-
ments using responsible, safe and effective energy retrofit scenarios. Providing an overview
of the methodology adopted in this research, this paper presents the main results of this
study. This paper highlights the savings associated with the best-performing combinations
of retrofit measures and the areas of intervention where the highest energy and carbon
savings can be achieved.

Keywords: building envelope; energy retrofit; heritage dwellings; listed buildings;
traditional dwellings

1. Introduction

In the UK, buildings are responsible for 20% of total greenhouse gas emissions; most
of such emissions are due to dwellings, from the combustion of natural gas for heating [1].
Therefore, energy efficiency improvements for this part of the stock have been newly
emphasized as a key strategy to work towards the achievement of the zero emissions
target [2]. Active retrofit measures, e.g., transitioning away from gas boilers, are relatively
straightforward to implement, primarily subject to the establishment of appropriate regula-
tory frameworks. Passive measures, which focus on enhancing the building envelope to
reduce energy demand, on the other hand, present significantly greater challenges. These
challenges arise from a variety of factors, as outlined below.

Approximately one quarter of the UK’s dwellings are considered traditional buildings,
being built before 1919 [3]. Their envelope constructions are made of solid permeable
masonry walls, single-glazed timber windows and uninsulated floors and roofs; therefore,
these dwellings are generally poorly performing [4]. However, these are also “hard to
treat” properties [5]; in fact, any retrofit intervention must consider their delicate thermo-
hygrometric balance, or it might result in unintended consequences, detrimental for the
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health of the fabric and occupants [3,6]. Furthermore, most traditional buildings have some
heritage value, contributing to the character and aesthetics of their area [7]. Consequently,
approximately one quarter of the traditional housing stock in the UK is either listed as
or within a conservation area [8]. This makes the energy upgrade of such dwellings
even more challenging as the potential energy savings from retrofit measures need to
be weighed against the damage they may pose to their heritage value. As a result, the
contribution of traditional dwellings to carbon reduction efforts within the residential
sector has remained relatively limited thus far. Nevertheless, in the view of multiple
stakeholders, historic buildings can play a substantial part in achieving the net-zero target
and should be included in decarbonization policies [9]. This stresses the need for a major
planning reform to enable heritage buildings’ full contribution to be realized. It is the
government’s intention [10] to review, update and simplify the planning framework for
listed buildings and conservation areas to facilitate sympathetic interventions “that support
their continued use and address climate change” [11]. This could be achieved by revising
the National Planning Policy Framework (NPPF) [12] to allow for a closer relationship
between heritage protection and environmental sustainability. This principle is already
contained in the NPPF, which describes sustainable development as one that contributes to
protecting the historic environment while prescribing “positive improvements” to it [12].
Retrofit interventions may ultimately contribute to the aim of listing by allowing these
assets to be kept in use and fully enjoyed by future generations.

Given this agenda, the study described in this paper aimed to propose suitable passive
retrofit interventions for Traditional Listed Dwellings (TLDs) in South-East England to
reduce their heating energy consumption, and hence their carbon emissions. The geo-
graphical setting chosen for this study is the city of Brighton and Hove, where buildings
of traditional construction account for nearly 40% of the total dwelling stock [13]. Most
of these traditional buildings date back to the early 19th C, the Regency period, when
Brighton flourished from a fishing town into a seaside resort [14]. Over time, the grand
terraced houses built in this period (Figure 1) were split into flats, and many were rented
out, leading to a high rate of deterioration [15]. This study selected representative case
studies (CSs) amongst the 19th C TLD population of Brighton and utilized a mixed-method
approach centered around dynamic energy simulation (DES) to assess their current energy
performance and the energy and carbon savings achievable by means of a range of suitable
passive retrofit measures.

Figure 1. Brunswick square, one of the earliest Regency developments in Brighton.

After an overview of the methodology adopted for this research, this paper presents
the results of this study, highlighting the most effective combinations of responsible and
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safe interventions, as well as the areas of intervention where the highest energy and carbon
savings could be attained.

2. Literature Review

2.1. Energy Retrofit for Buildings: The Body of Research

A critical literature review was carried out to aid in the decisions regarding the
methodological approach for this study. The analysis of the literature cast light on a gap
in research concerning the investigation of the current energy performance and thermal
behavior of TLDs and highlighted the need for a holistic and comprehensive methodology
to propose interventions and to balance environmental and cultural issues.

Table 1 reports a synthesis of the studies reviewed, their geographic setting (high-
lighted in grey those carried out in the UK), the main method(s) utilized and the retrofit
interventions assessed (in bold the passive measures).

Table 1. Review of the literature concerning energy retrofit.

Reference Setting Case Studies Main Research Method(s) Retrofit Intervention(s)

[16] Ireland Traditional dwelling Simulation GFI, IWI

[17] Italy Heritage public building Simulation Be, Bo, DGW, DP, IWI, L

[18] UK Traditional dwellings
Field observations
Secondary data collection
Thermographic surveys

EWI

[19] Italy Dwellings Simulation EWI

[20] UK Traditional dwellings Experiment
Simulation DGW, DP, GFI, IWI, RI

[21] UK Dwellings Building performance evaluation methods CWI, DGW, DP, GFI, IWI, RI

[22] UK Listed dwellings Simulation Be, Bo, CWI, DP, PI, SGW

[23] Italy Dwellings Experiment
Simulation RI

[24] Croatia Heritage public building Simulation DGW, GFI, IWI, RI, SGW

[25] UK Social housing Simulation Bo, EWI, GFI, PV, RI, TGW

[26] Sweden Heritage dwelling Simulation Bo, DGW, DP, EWI, IWI, RI

[27] Ireland Dwelling Monitoring
Thermographic surveys CWI, RI

[28] UK Traditional dwellings
Monitoring
Experiment
Thermographic surveys

IWI

[29] Italy Heritage dwelling Experiment
Simulation Bo, DGW, IWI, PV, SP

[30] Sweden Heritage dwellings Literature review EWI

[31] UK Buildings Building Performance Evaluation methods DGW, DP, GFI, RI, SGW

[32] Italy Dwelling Simulation Bo, DGW, IWI, SP

[33] Portugal Traditional heritage dwellings Simulation Be, Bo, DGW, DP, EWI, GFI, RI, SD

[34] Italy House Simulation Bo, DGW, EWI, PV, SP

[35] Italy Heritage office building Simulation DGW, IWI, L, RI, SD

[36] Italy Heritage public building Monitoring
Simulation CWI

[37] Denmark Heritage public building Monitoring
Simulation IWI

[38] UK Dwellings Simulation CWI, DGW, IWI, RI,

[39] Scotland n.a. Experiment sDGW

[40] Scotland Traditional house Simulation Bo, DGW, GFI, IWI, RI

[41] Scotland Listed buildings Experiment sDGW

[42] UK Traditional dwellings Thermographic surveys EWI

[43] Italy Apartment buildings Monitoring
Simulation Bo, CWI, EWI, GFI, L, PV, RI

[44] Greece Residential buildings Simulation Be, EWI, IWI
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Table 1. Cont.

Reference Setting Case Studies Main Research Method(s) Retrofit Intervention(s)

[45] Germany Heritage buildings
Thermographic survey
Experiment Simulation
Life cycle assessment

DGW, DP

[46] Scotland Victorian tenement building Experiment
Simulation IWI

[47] Scotland Traditional wall Simulation IWI

[48] Australia Residential building Energy audit
Simulation DGW, DP, L, RI, SP

[49] UK Residential buildings Simulation Bo, DGW, EWI, IWI

[50] Italy Heritage public building
Energy audit
Thermographic survey
Simulation

Bo, DGW, GFI, IWI, RI

[51] UK Traditional dwelling Simulation TGW

[52] UK Traditional dwellings Simulation Bo, DGW, DP, GFI, IWI, PV, RI, SGW

[53] Denmark Residential building Experiment
Simulation Bo, IWI, SGW

[54] Italy Heritage buildings Simulation Bo

[55] UK Victorian house Experiment DGWa, DP, GFI, IWI, RI, TGW

[7] UK 5 Traditional dwellings
archetypal models Simulation Bo, DGW, GFI, EWI, IWI, L, RI, PV,

SGW, TGW

[56] Denmark Listed residential building Simulation DGW, IWI, RI

[57] UK Victorian terrace house Experiment
Simulation Bo, DP, GFI, IWI, FR, SGW

[58] Turkey Heritage public building Simulation Bo, DGW, DP, GFI, IWI, RI

[59] UK and
France Social housing Monitoring

Simulation DGW, DP, EWI, GFI, RI

[60] Paraguay Dwelling Simulation
Sensitivity analysis DGW, EWI, IWI, RI

[61] Denmark Historic building Simulation IWI

[62] Belgium Traditional wall Simulation
Probabilistic analysis IWI

[63] UK 12 traditional heritage
dwellings Simulation Be, Bo, EWI, GFI, RI, SD, SGW

Be: Behavioral measures; Bo: boiler upgrade; CWI: cavity wall insulation; DGW: double-glazed windows;
DGWa: double-glazed windows—argon filled; DP: draught-proofing; EWI: external wall insulation; FR: fabric
repair; GFI: ground floor insulation; IWI: internal wall insulation; L: energy-efficient lighting; PI: pipe insula-
tion; PV: photovoltaic panels; RI: roof insulation; SD: shading devices; sDGW: slim double-glazed windows;
SGW: secondary glazing windows; SP: solar panels; TGW: triple-glazed windows.

The studies conducted on heritage buildings constitute only a minority of the whole
body of research on building energy efficiency. The literature review showed that the use
of energy simulation was extensive in such studies; when simulation was the main method,
the use of CSs allowed for a reliable validation tool because it allowed for a comparison
of simulated and measured data, providing a triangulation of the findings and better
reliability of the results generated. However, the studies on heritage buildings were often
limited either to the investigation of a single retrofit intervention or a single CS of (often
public) buildings, whereas little has been conducted on heritage buildings using multiple
CS methods. The studies conducted by Ingram [64] and Moran [52] on traditional dwellings
used a limited number of CSs and a limited validation strategy (energy consumption data
for some of the cases). Organ et al. [7] and Wise et al. [63] attempted a more comprehensive
approach to the problem of traditional heritage dwellings retrofit; however, their results
had some limitations due to the use of steady-state models and archetypal dwellings, as
well as the lack of a validation strategy based on measured data. Their methodology could
be improved using multiple methods of data collection, a quality check and analysis and
multiple CSs to enhance the validity and reliability of the results generated. Due to the
wide range of uncertainties in the input data and in the assumptions necessary to model
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traditional dwellings, the potential of such models to accurately represent the thermal
behavior of the real building depends on the quality of the data used for calibration. Only
a few studies on traditional heritage buildings calibrated their results with real data, and
they were frequently limited to a single CS [7,17,24,26,29,35–37,46,47,50,52,54,57,58,61,63].

2.2. Energy Retrofit for Buildings of Heritage Value: Guidance and Advice from Conservation Bodies

To make an informed decision concerning the retrofit measures available to improve
the energy performance of TLDs, a wide range of studies were consulted, covering regula-
tion, guidance and advice, as well as previous academic research on the energy retrofit of
traditional buildings and buildings of heritage value.

When addressing energy improvement interventions for older buildings of heritage
value, a special approach is advocated unanimously by conservation bodies; one that
takes the fabric of such buildings in special account for their heritage value and thermo-
hygrometric behavior, while aiming to improve their energy performance [3,6,65–84].

Traditional buildings are made of porous, breathable materials; their envelope can
easily absorb moisture from the indoor and outdoor environment and release it when
it dries out. Thick, solid masonry walls also provide them with high thermal inertia.
These proprieties combined facilitate traditional buildings’ ability to buffer humidity and
heat fluctuations [6,83]. Sympathetic interventions for traditional dwellings must account
for such a delicate balance in their thermo-hygrometric behavior [4,16,65,77,78]. There-
fore, before planning any retrofit interventions on buildings of traditional construction,
a clear understanding of their heat and moisture behavior is key to avoid unintended
consequences, such as the problems of moisture condensation and timber decay [6,83].

A whole-building approach is often called for by conservation bodies, one that consid-
ers the building as a whole and in its context, to find “balanced solutions that save energy,
sustain heritage significance, and maintain a comfortable and healthy indoor environ-
ment” [77] (p. 9). This can be achieved by ensuring that any adopted measure is responsible
(respects the heritage features of the building), safe (accounts for the thermo-hygrometric
equilibrium of its constructions, minimizing the risk of unintended consequences) and
effective (improves energy performance).

The validity of a ‘fabric-first’ approach, widely recommended to date for energy
improvement interventions, has recently been questioned due to the urgency of the net-
zero target, which might be more quickly addressed at a large scale by first decarbonizing
heating for existing dwellings [85]. Even more difficult is the application of the fabric-first
approach for TLDs, whose envelopes are their most vulnerable and valuable features.
Retrofit interventions in this case must aim to strike a balance between improving energy
performance, respecting the special character of the dwelling and avoiding risks for the
health of the building’s fabric and occupants.

The least invasive measures are the most favorable to conservation bodies [75,77,78,80];
therefore, the systematic maintenance and repair of the building fabric and systems should
be a priority before considering any more invasive interventions [6,77,83,84,86]. Thus, a
whole-building retrofit approach tailored to TLDs should consider improving building
services and controls and addressing the occupants’ behavior; lastly, any alteration to their
fabric should be addressed [57,66].

3. Methodology—Materials and Methods

3.1. The Research Framework

The body of literature recommends a sequential approach to address energy efficiency
improvements and the management of change for heritage buildings [4,33,52,58,64,86]. The
most common approach starts with establishing a baseline scenario for the evaluation of
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different retrofit solutions [25,87,88] and for heritage impact assessment [24,89,90]. It is
then possible to identify potential changes to be introduced to the baseline scenario and
measure their impact against the base case performance.

Our study adopted this framework, and hence a methodological sequential approach;
this stems from identifying the heritage value recognized by the listing of selected 19th C
TLD CSs and assessing the current energy performance and thermal behavior of the CSs
investigated, then follows by devising appropriate retrofit solutions and assessing their
effect on energy consumption and carbon emissions. The mixed methodology adopted
in this study further develops this approach to include an analysis of the impact of such
interventions on the thermo-hygrometric balance and heritage value of TLDs and comes
up with a range of responsible, safe and effective energy retrofit scenarios.

Figure 2 describes the methodological approach of this study, the methods utilized
(in the circles), the data collected or generated from them (bullet points) and the models
created at each subsequent stage of research. After the critical review of the literature and
the secondary data collection, primary data were gathered through visual and measured
surveys, questionnaires, interviews and thermal imaging. The output of the first data
collection stage was used to feed into the following data generation stages via dynamic
energy simulation (DES) applications using the software IES-VE 2019 (for details, please
see [91]). The first stage of simulation was run for the status-quo models; the energy con-
sumption and indoor condition results from this stage were then compared with metered
data (data collection 2 in Figure 2) to calibrate the models (For details, please see [92].
An example of the calibration process can be found in the Supplementary Materials S1).
Next, the calibrated models were normalized to standardize any behavioral determinant of
energy consumption. Finally, a baseline scenario of energy consumption was generated by
upgrading all the normalized models by means of a high-energy-efficient boiler; this was
aimed to facilitate a fair cross-case comparison where only heating energy consumption
(HEC) and the envelope characteristics could be considered (for details, please see [93]).
The baseline scenario was used as a benchmark in the following stages of research to assess
the effectiveness of a range of passive retrofit solutions by weighing the HEC outcome of
simulations pre- and post-interventions. Therefore, responsible passive retrofit measures
were selected for the CSs (for details, please see [94]); being listed buildings, the responsible
measures selected were those allowed by their listing, and hence were respectful of their
heritage value. The measures were modelled and applied—individually and combined—to
the baseline models, and further stages of simulations were run to investigate the potential
risks to the thermo-hygrometric balance of their constructions (ensuring they are safe)
and the changes in the energy efficiency of the selected CSs (aiding in the selection of
the most effective measure). A parametric analysis of the proposed solutions permitted
the development of responsible, safe and effective combinations of retrofit interventions;
finally, a sensitivity analysis of the simulation results highlighted the areas of the envelope
where appropriate combinations of interventions are more likely to generate the highest
energy and carbon savings.

3.2. The Case Studies

The use of mixed methods, multiple units of analysis and multiple CSs enabled the
triangulation of the findings, which enhanced the validity and reliability of the results gen-
erated. To maximize what could be learnt from the cases, the sample size had to cover the
key variables in the population from which they were drawn. Such variables were identified
as follows: (1) aspect (number of sides where windows are located; being flats in converted
terraced houses, the CSs were either single-aspect-in the case of small properties opened only
on one side-or dual-aspect-if opened with windows on two opposite sides; a few triple-aspect
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ones could be found at the end of a row of terraced houses, but they were not taken into
account because of their rarity), (2) floor level and (3) orientation (for the double-aspect
dwellings, the orientation of the main elevation was considered). Eight representative CSs,
converted flats within grand Regency buildings, were chosen in the two earliest Regency
developments in Brighton: Brunswick Town and Kemp Town (for a detailed account of the
CS selection process and their existing constructions, please see [95]).

Figure 2. Research framework.

Tables 2 and 3 present a synthesis of the key variables for each CS, alongside the
treated floor area (TFA-the heated floor area of the dwellings), form factor (calculated as
the ratio of the thermal envelope to the treated floor area), windows-to-walls ratio (WWR),
geometry and envelope constructions. The external walls in the dwellings investigated
are made of uninsulated solid brickwork; most windows are (original or replacement)
timber sashes, some are replacement casement windows and a few have secondary glazing
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or double glazing (in the original or replacement frame); the ground floors have solid or
suspended timber constructions (uninsulated or insulated); and top-floor dwellings have
pitched and/or flat (uninsulated or insulated) roofs.

Table 2. CSs 2–12 key variables, size, geometry and constructions.

CS Number CS2 CS7 CS8 CS12

Conservation
Area Brunswick Town Kemp Town Montpellier and Clifton Hill Kemp Town

Date 1st half 19th C 1st half 19th C 2nd half 19th C 1st half 19th C

Aspect Dual aspect Dual aspect Single aspect Dual aspect

Floor level Middle floor Middle and top floors Middle floor Ground floor

Orientation West-facing South-facing West-facing West-facing

TFAm2 76.90 195.49 62.40 158.15

Form Factor 0.81 1.69 0.46 1.21

WWR 24 18 33 20

G
eo

m
et

ry

En
ve

lo
pe

C
on

st
ru

ct
io

ns

Ex
te

rn
al

w
al

l—
fr

on
t

Lime render outside,
brickwork (2 bricks),
plaster-on-lath inside

3rd floor: Lime render outside,
brickwork (1-and-half bricks),
plaster-on-lath inside.
Top floor: Cement render outside,
Brickwork (1 brick), insulation and
plasterboard inside

N.A. Lime render outside, brickwork
(2 bricks), plaster-on-lath inside

Ex
te

rn
al

w
al

l—
ba

ck

Lime render outside,
brickwork (1 brick), plaster on
the hard inside

3rd floor: Lime render outside,
brickwork (1, 1-and-half and
2 bricks), plasterboard inside
Top floor: Cement render outside,
Brickwork (1 brick), insulation and
plasterboard inside

Lime render outside,
brickwork (2 bricks), plaster
inside

Lime render outside, brickwork
(1 and 1-and-half bricks),
plasterboard inside

W
in

do
w

s—
fr

on
t

n.3 Timber sash—single
glazing

3rd floor:
n.3 Timber sash—double glazing
n.3 Timber sash—double glazing +
gas krypton
Top floor:
n.1 UPVC Sliding—double
glazing—argon

N.A. n.2 Timber sash—single glazing

W
in

do
w

s—
ba

ck

n.5 Timber sash—single
glazing

3rd floor:
n.3 Timber sash—double glazing
n.1 Timber sash—secondary glazing
n.1 Upvc Casement—double
glazing—argon
Top floor:
n.1 Upvc Casement—double
glazing—argon-filled

n.3 Timber sash—single
glazing

Ground floor:
n.1 Timber sash—single glazing
n.2 Timber casement—double
glazing
n.1 Timber casement—single
glazing
1st floor:
n.2 Timber sash—secondary glazing
n.1 Timber sash—single glazing
n.1 Timber casement—single
glazing

C
ei

lin
g Carpet floor, timber boarding,

timber joists, plaster-on-lath
ceiling

Carpet floor, timber boarding,
timber joists, plaster-on-lath ceiling

Carpet floor, timber boarding,
timber joists, plaster-on-lath
ceiling

Carpet floor, timber boarding,
timber joists, plaster-on-lath ceiling

G
ro

un
d

flo
or

N.A. N.A. N.A.
Rear extension: Suspended timber
floor—plastic tiles, timber boarding,
timber joists, ventilation void

R
oo

f

N.A.

Timber pitched roof—insulation at
loft level
Timber flat roof—insulation
between joists

N.A.

Rear extension: Timber flat
roof—waterproof membrane,
timber boarding, timber joists,
ventilation void, insulation between
joists
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Table 3. CSs 13–17 key variables, size, geometry and constructions.

CS Number CS13 CS14 CS16 CS17

Conservation
Area Kemp Town Kemp Town Brunswick Town Brunswick Town

Date 1st half 19th C 1st half 19th C 2nd half 19th C 1st half 19th C

Aspect Dual aspect Dual aspect Single aspect Dual aspect

Floor level Middle floor Lower ground floor Lower ground floor Ground floor

Orientation South-facing East-facing West-facing East-facing

TFAm2 123.93 48.70 72.72 120.45

Form Factor 1.25 1.94 1.63 0.89

WWR 25 18 20 19

En
ve

lo
pe

C
on

st
ru

ct
io

ns

Ex
te

rn
al

w
al

l—
fr

on
t

Lime render outside,
brickwork (1-and-half bricks),
plaster-on-lath inside

Lime render outside, brickwork (1
and 1-and-half brick), plasterboard
inside

Cement render outside,
brickwork (1-and-half bricks),
plaster inside

Lime render outside, brickwork
(1-and-half bricks), plaster-on-lath
inside

Ex
te

rn
al

w
al

l—
ba

ck

Lime render outside,
brickwork (1 brick),
plaster-on-lath inside

Painted brickwork (1 and
1-and-half bricks) outside,
plasterboard and plaster

N.A.
Lime render outside, brickwork
(1-and-half bricks), plaster on the
hard and plaster-on-lath inside

W
in

do
w

s—
fr

on
t

n.3 Timber casement—single
glazing

n.2 Timber casement—single
glazing
n.1 Timber sash—single glazing
n.2 Timber skylights—double
glazing

n.5 Timber sash—single
glazing n.2 Timber sash—single glazing

W
in

do
w

s—
ba

ck

n.3 Timber casement—single
glazing
n.4 Timber sash—single
glazing

n.4 Timber casement—single
glazing
n.1 Timber sash—single glazing
n.1 Timber skylight—double
glazing

N.A.

n.4 Timber sash—single glazing
n.1 Timber casement—double
glazing
n.1 Timber casement—single
glazing

C
ei

lin
g/

flo
or

Carpet floor, timber boarding,
timber joists, plaster-on-lath
ceiling

Carpet floor, timber boarding,
timber joists, plaster-on-lath ceiling

Carpet floor, timber boarding,
timber joists, plaster-on-lath
ceiling

G
ro

un
d

flo
or

N.A. Clay tiles and stone tiles, solid
concrete floor

Suspended timber floor, timber
boards N.A.

R
oo

f Above the kitchen and
bedrooms: timber flat

Above the living room and
bathroom: timber
pitched—insulation between rafters

N.A. Above the master bedroom: timber
pitched

3.3. The Selection and Simulation of Suitable Retrofit Measures

Responsible retrofit measures for the CSs under investigation were devised following
an in-depth review of the literature, regulation and guidance (for details, please see [94]).
Further developing the list of interventions shaped by Historic England [77], the energy
retrofit measures available were arranged into low- (green), medium- (amber) and high-
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risk (red) options (Table 4). Each of the measures available and permissible was then
assessed against the level of impact it has on the heritage features needing protection
(assessment of heritage significance [4]). Finally, a systematic approach was taken to shape
the list of responsible measures to use in this study, subdividing the building envelope
into six different areas of intervention (Table 4). The range of low-, medium- and high-risk
interventions available for the CS models were then modeled in IES-VE to obtain a range
of post-intervention scenarios.

Table 4. Responsible and safe retrofit options selected for each area of intervention.

First Stage Second Stage
Areas of Intervention

Low-Risk Options Medium-Risk Options High-Risk Options

A1. Whole dwelling L1. Draught-proofing N.A. N.A.

M1. Secondary glazing (single)
A2a. Front

L1. Heavy curtains and
shutters M2. Secondary glazing (double)

H1. Slim double glazing

M1. Secondary glazing (single)
A2. Windows/
glazed doors

A2b. Back
L1. Heavy curtains and
shutters M2. Secondary glazing (double)

H1. Slim double glazing

A3. External
doors

A3a. Front N.A. M1. Internal insulation
board—wood fibreboard N.A.

A3b. Back N.A. M1. Internal insulation
board—wood fibreboard N.A.

A4. Ground
floor

A4a. Solid ground
floor

L1. Carpets—wool M1. Thin insulation
board—aerogel H1. New limecrete floor

A4b. Suspended
timber ground floors

L1. Carpets—wool M1. Thin insulation
board—aerogel

H1. Insulation between
joists—sheep wool

A5. Roof

A5a. Pitched
L1. Loft insulation—sheep
wool

M1. Insulation at rafters’ level
between rafters—sheep wool

H1. Insulation at rafters’ level
above rafters—wood fibreboard

A5b. Flat N.A. M1. Insulation between
joists—sheep wool

H1. Insulation above flat
roof—wood fibreboard

H1. Internal thin blanket
insulation—aerogelA6a. Internal face

plaster-on-lath
M1. Internal blown insulation
behind lath—cellulose H2. Internal board

insulation—wood fibreboard

H1. Internal thin blanket
insulation—aerogel

A6. Walls

A6b. Internal face
solid or drylined

N.A.

M1. New permeable
plaster—cork H2. Internal board

insulation—wood fibreboard

The colors assigned to the low-, medium- and high-risk measures is meant to highlight their respective level of
risk, as it was also shown in the parametric tables of analysis (see Supplementary Materials S2).

The simulation of interventions was carried out in two stages. Firstly, it applied all the
low-risk options available for each CS to the baseline model (B scenario) and generated
the BL scenario. The following stage involved the medium- and/or high-risk options
applied to the BL scenario. This strategy is unanimously recommended by conservation
bodies [4,66,77,78,80,82,84] and previous research [6,83] which suggest the application of
low-risk measures prior to medium- and/or high-risk ones. In fact, they are the most
easily applicable and removable, and they imply lower costs, low levels of disruption, no
need for planning application or listed building consent and the lowest risk of unintended
consequences. To firstly apply low-risk interventions and in due course add other more
expensive, delicate and disruptive ones is also a common practice, which was confirmed
by interviews with the occupants.

To effectively manage the large number of simulations that resulted from the combina-
tion of the interventions selected and modeled in IES-VE, a coding system was devised.
This way, each unique simulation’s name indicated, for each CS, the variable (and its
variation) or combination of variables (and their variations) associated with it. Table 4 sum-
marizes the key areas of intervention (parameters in the sensitivity analysis), the measures
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(variations) for each area and their codes. The measures listed in this Table are allowable
by regulation and are respectful of the heritage value of each specific CS (responsible).

The interventions proposed utilize breathable insulants and finishing materials, allow-
ing for the movement of water vapor [4,78,83]. The hygroscopic properties of breathable
insulation materials, together with the right amount of ventilation, are meant to store part of
the vapor that can pass through the insulation from the inside, preventing it from reaching
the cold masonry and condensing, while also permitting some moisture movement and
evaporation both internally and externally [83]. All the modeled retrofitted constructions
for the walls (A6) were also tested for condensation, utilizing the function available in
IES-VE, to ensure that the newly created solutions were moisture safe. The IES condensa-
tion assessment is a steady state analysis, and is hence only capable of investigating vapor
diffusion in each construction at a specific moment in time under steady boundary condi-
tions. Like the Glaser method, it does not account for variations in the material properties
due to changes in moisture content [21]. Therefore, the setting of boundary conditions
that allow for the analysis of a worst-case scenario was considered extremely important to
overcome the limitations that may be due to the use of a steady-state approach. The data
input approach utilized in similar studies, together with what is suggested by standards
(i.e., the Glaser method [96] and the dynamic hygrothermal simulation method [97], both
described in BS 5250:2021 [98]) were considered to help make decisions regarding the
boundary conditions to use for the analysis.

Because the IES analysis only assesses one specific moment in time, and because the
highest difference between the indoor and outdoor temperature (leading to the highest risk
of condensation) is recorded during the winter months for heated dwellings in this climatic
area, the lowest monthly temperature value and the highest monthly relative humidity (RH)
value were inputted in IES to account for the worst-case scenario in the external conditions.
For the internal conditions, for each construction in this study, temperature set-points (21 ◦C
in the living area and 18 ◦C in the rest of the dwelling) were used. For the indoor RH, the
same value of 50% was used for all the constructions investigated. This reflects the average
indoor RH based on the external daily mean temperature data, as recommended by BS EN
15026 [97], and was often used in precedent studies to assess the risk of condensation, even
when a dynamic simulation method was adopted [37,44,61,99], to cite some). As a result
of this analysis, wherever needed, the thickness of the insulation layer was decreased to
decrease the temperature gradient between internal and external spaces and reduce the risk
of condensation taking place within the envelope in order to generate a range of responsible
and safe interventions. All the medium- and high-risk measures were finally applied to
the BL scenario, both individually and combined, aiming to achieve the target U-value
given by the Building Regulations in place at the time of this study [11] for each thermal
element. It was not always possible to achieve the target U-value due to heritage value
considerations, condensation risk analysis, space constraints and the maximum thickness of
insulation achievable with the material selected. Condensation risk was the main cause of
the limits imposed on the thickness of the insulation layer added to wall constructions. This
restricted the extent of U-value improvements. Table 5, which follows, shows, for each area
of intervention, the area-weighted baseline U-value of the construction (in dark grey) and
the U-values achieved as an outcome of the interventions (in light grey)-in bold those that
met or exceeded the target U-value. The U-values post-retrofit ranged from 0.44W/m2K
(for solid walls-finished with plaster on the brickwork, as opposed to walls finished with
plaster-on-lath internally-with aerogel insulation A6bH1-in CS7) to 0.92W/m2K (for walls
finished in plaster-on-lath and solid walls with wood fiberboard insulation—A6aH2 and
A6bH2—in CS13).
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Table 5. Envelope U-values pre- and post-interventions.

Windows Doors Ground Floor Roof Walls

Target U-Value
W/m2K

1.6 1 1.8 0.25 0.18 0.30
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d
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d
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D
ry
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n
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d

CS2 U-value Baseline (B) 5.55 5.55 1.02 2.13

U-value M1 2.35 2.35 0.55 0.84

ΔU-value (B-M1) 3.20 3.20 0.47 1.29

U-value M2 1.44 1.44 n.a. n.a.

Δ U-value (B-M2) 4.11 4.11 n.a. n.a.

U-value H1 n.a. 1.58 0.60 0.55

Δ U-value (B-H1) n.a. 3.97 0.42 1.58

U-value H2 n.a. n.a. n.a. 0.68

Δ U-value (B-H2) n.a. n.a. n.a. 1.45

CS7 U-value Baseline (B) 1.63 2.22 0.27 1.18 0.95

U-value M1 1.48 1.79 0.25 0.67 0.64

Δ U-value (B-M1) 0.15 0.43 0.02 0.51 0.31

U-value M2 1.38 1.29 n.a. n.a. n.a.

Δ U-value (B-M2) 0.25 0.93 n.a. n.a. n.a.

U-value H1 1.48 1.44 n.a. 0.66 0.44

Δ U-value (B-H1) 0.15 0.78 n.a. 0.52 0.51

U-value H2 n.a. n.a. n.a. 0.94 0.49

Δ U-value (B-H2) n.a. n.a. n.a. 0.24 0.46

CS8 U-value Baseline (B) 5.58 1.36

U-value M1 2.25 0.69

Δ U-value (B-M1) 3.33 0.67

U-value M2 1.31 n.a.

Δ U-value (B-M2) 4.27 n.a.

U-value H1 1.46 0.71

Δ U-value (B-H1) 4.13 0.65

U-value H2 n.a. 0.57

Δ U-value (B-H2) n.a. 0.79

CS12 U-value Baseline (B) 5.40 3.68 2.20 0.91 0.21 1.03 1.40

U-value M1 3.15 1.84 1.73 0.24 0.20 0.60 0.82

Δ U-value (B-M1) 2.24 1.83 0.47 0.67 0.01 0.43 0.58

U-value M2 2.52 1.10 n.a. n.a. n.a. n.a.

Δ U-value (B-M2) 2.87 2.58 n.a. n.a. n.a. n.a.

U-value H1 n.a. 1.23 0.27 0.18 0.61 0.75

Δ U-value (B-H1) n.a. 2.44 0.64 0.02 0.42 0.65

U-value H2 n.a. n.a. n.a. n.a. n.a. 0.60

Δ U-value (B-H2) n.a. n.a. n.a. n.a. n.a. 0.80

CS13 U-value Baseline (B) 3.97 5.56 1.60 1.28 2.08

U-value M1 2.30 2.31 0.33 0.95 0.95

Δ U-value (B-M1) 1.49 3.26 1.27 0.33 1.13

U-value M2 1.71 1.38 0.18 n.a. n.a.

Δ U-value (B-M2) 2.08 4.18 1.42 n.a. n.a.

U-value H1 n.a. 1.53 n.a. 0.78 0.78

Δ U-value (B-H1) n.a. 4.04 n.a. 0.49 1.30

U-value H2 n.a. n.a. n.a. 0.92 0.92

Δ U-value (B-H2) n.a. n.a. n.a. 0.36 1.16
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Table 5. Cont.

Windows Doors Ground Floor Roof Walls

Target U-Value
W/m2K

1.6 1 1.8 0.25 0.18 0.30
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CS14 U-value Baseline (B) 5.09 2.20 0.68 0.28 0.28 1.39

U-value M1 2.43 1.73 0.24 0.27 0.27 0.77

Δ U-value (B-M1) 2.67 0.47 0.44 0.01 0.01 0.62

U-value M2 1.66 n.a. n.a. n.a. n.a.

Δ U-value (B-M2) 3.43 n.a. n.a. n.a. n.a.

U-value H1 1.66 0.25 0.18 0.18 0.59

Δ U-value (B-H1) 3.43 0.44 0.10 0.10 0.80

U-value H2 n.a. n.a. n.a. n.a. 0.65

Δ U-value (B-H2) n.a. n.a. n.a. n.a. 0.74

CS16 U-value Baseline (B) 5.17 0.66 1.50

U-value M1 2.16 0.24 0.72

Δ U-value (B-M1) 3.01 0.42 0.77

U-value M2 1.31 n.a. n.a.

Δ U-value (B-M2) 3.86 n.a. n.a.

U-value H1 1.44 0.24 0.70

Δ U-value (B-H1) 3.73 0.41 0.80

U-value H2 n.a. n.a. 0.56

Δ U-value (B-H2) n.a. n.a. 0.94

CS17 U-value Baseline (B) 5.60 5.20 1.39 1.56

U-value M1 2.21 3.03 0.77 0.74

Δ U-value (B-M1) 3.39 2.17 0.62 0.82

U-value M2 1.25 2.41 n.a. n.a.

Δ U-value (B-M2) 4.35 2.79 n.a. n.a.

U-value H1 n.a. 1.97 0.71 0.50

Δ U-value (B-H1) n.a. 3.23 0.68 1.06

U-value H2 n.a. n.a. 0.67 0.53

Δ U-value (B-H2) n.a. n.a. 0.72 1.03
1 Whole window U-value.

The final stage of research assessed the effectiveness of the responsible and safe
interventions applied by comparing the HEC output—and correlated CO2 emissions—
from the simulation to that of the B scenario to finally obtain combinations of responsible,
safe and effective interventions. The results were assessed using parametric and sensitivity
analyses where the areas of intervention constituted parameters, subject to variations
as a result of potential retrofit interventions, that were reflected in the variance of their
respective U-value. Section 4, which follows, reports and discusses the outcomes of the
sensitivity analysis of the simulation results.

4. Results

The results of this study were produced in three stages as the outcomes of the following
simulation scenarios:

1. Status-quo, normalized and baseline (B) scenario (for details, please see [93])
2. BL scenario, obtained from the simulation of low-risk interventions applied to the B

scenario (for details, please see [95])
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3. Whole retrofit scenario, obtained from the simulation of medium- and/or high-risk
interventions applied to the BL scenario.

This paper presents stage 3 in the analysis to assess the impact of medium- and/or
high-risk options—individually and combined—on the energy performance of the base-
case models once all the low-risk interventions were implemented (BL scenario [95]).

A total of 770 new models were generated for all combinations of medium- and/or
high-risk options, which, added to the low-risk interventions simulations, totaled 800
simulations runs. The resulting annual gas and electricity consumption data were accessed
in IES-VE utilizing Vista-pro and exported, firstly into Excel for parametric analysis, and
then into SPSS 2020, for sensitivity analysis.

Figure 3 shows the HEC savings percentages after the application of medium- and
high-risk interventions individually (OAAT) on the BL scenario (B scenario upgraded with
all the low-risk interventions applicable in each CS).

Figure 3. Annual HEC savings % [(kWh BL-kWh post-intervention)/kWh BL] achievable after the
application of the medium- and high-risk interventions individually (OAAT) on the BL scenario.

The savings percentages ranged from nearly 0 to more than 30% for different inter-
ventions. Interestingly, a wide range of results is also noticeable when looking at the same
intervention across different CSs. This is likely due to the following:

- differences in the thermal envelope area addressed by the intervention
- differences in the baseline U-value of the same constructions across different CSs

when they were subject to previous interventions aimed at improving their energy
efficiency

- limitations imposed by heritage value, where the application of some interventions
was not allowed or insulation was limited in thickness because heritage features could
have been compromised

- limitations due to condensation risk, where the application of some interventions was
not possible and might have required the use of a dehumidifier.
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For these same reasons, there are intrinsic limitations in the comparison between the
results from this study and from other studies, even when these were conducted in the
same climatic conditions and on similar constructions.

The results of the simulations of all the combinations of measures were then used to
produce a ranking matrix of combinations for each CS. To aid the assessment of the inter-
ventions selected, the tables of combinations highlight those producing the highest energy
and carbon savings, alongside their level of risk, to come up with effective combinations
that also imply the lowest risks to the thermo-hygrometric balance and heritage value of
the envelope (Supplementary Materials S2).

Figure 4 shows a synthesis of the sensitivity analysis of the results from the simulation
of the combinations of medium- and high-risk interventions, showing the parameters’
% importance, and hence the impact that the retrofit measures—applied to each area of
intervention—had on the reduction in HEC (and CO2 emissions) in each CS.

Figure 4. Parameter importance targeting HEC: % value of each area of intervention.

In six out of eight dwellings, the most important area of intervention was the external
wall (in dark and light gray—A6), and more specifically solid walls (in dark gray—A6b).
Solid (internally finished with plaster on the brickwork) walls also constituted the largest
area of the thermal envelope in most CSs. Where walls finished in plaster-on-lath (in light
gray in Figure 4—A6a) were found, they generally formed the front of the dwelling, often
the most decorated part in Regency buildings. Therefore, this is where more limitations
were likely imposed by the listing, which might hinder major alterations of the status-quo,
limiting the fabric performance improvements achievable with the interventions. In all the
dwellings except CS17, solid walls enclosed rooms to the back of the building, which were
often the object of interventions over time. This might have led to the loss of the original
plaster-on-lath, if there was any in place, hence allowing the application of a wider range
of interventions.

Figure 5 represents a summary of the parameters’ importance % of each area of
intervention, obtained by summing up the % importance of the two sub-areas in which
they are divided (e.g., A2 = A2a + A2b). It confirms that overall, walls (A6 = A6a + A6b,
in gray) result as the most influential parameter targeting both HEC and CO2 emissions,
far outweighing windows (in blue), the ground floor (in yellow) and the roof (in red).
Windows (in blue—A2) are generally poorly performing in the population investigated
and offer a high potential for heat loss reduction. However, confirming the findings from
the simulations of the medium- and high-risk interventions OAAT (Figure 3), windows
only result as the most important parameter in CS8 (Figures 4 and 5). In this studio flat
(62.4 m2 of TFA), windows (A2b) take up 33% of the external envelope vs. 67% taken by
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walls (A6b), and the dwelling has the highest windows-to-walls ratio of all the CSs (33% vs.
21% average value of the other cases).

Figure 5. Parameter importance %: summing up all sub-areas of intervention.

The parameter importance results were then divided by their area in m2 (Figure 6).
Windows (in dark and light blue in Figure 6) resulted as the area of intervention having the
highest importance/m2 in five out of eight CSs, hence showing that retrofit interventions
on them could be prioritized to maximize energy savings where a whole-building approach
is not applicable.

Figure 6. Parameter importance targeting HEC and CO2 emissions per surface unit (m2) of each area.

At this stage of our study, it was also considered necessary to assess how the impor-
tance of window interventions could change if including internal shading devices (this
was considered a low-risk measure, and hence was part of the first stage of simulations
of interventions, which was used to generate the BL scenario for the following stages of
parametric and sensitivity analysis) as part of the window upgrades in the sensitivity
analysis. A test was carried out on CS2. For the test, a new baseline scenario was created
by excluding all internal shading devices from the BL scenario. Then, the shading devices
were added to the windows alongside each medium- and/or high-risk retrofit intervention.
The new ranking obtained was the same as in the previous stage of analysis (where the
impact of window interventions on the final HEC was estimated only based on secondary
glazing and slim double-glazing interventions). Solid walls were confirmed to be the most
important parameter; however, the percentage value of the parameter importance changed
drastically, and windows resulted to be much more important when the interventions
considered included the use of shading devices (from just above 10% to more than 30%
for front windows and from nearly 10% to nearly 20% for back windows). The collective
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savings obtained from the front and back window (A2a + A2b) retrofit exceeded those
obtained from the wall (A6a + A6b) retrofit.

The findings from this further stage of analysis confirm the need for a targeted study
for each individual dwelling to devise the most responsible, safe and effective interventions.
They contribute to the results of this study, shedding new light on the importance of a
comprehensive approach to TLD retrofit, where the significance of retrofit interventions
for windows should not be underestimated. This is especially true for the CSs where
the area (m2) of windows is higher than that of walls. Window interventions could then
be prioritized in these cases where retrofitting internal wall insulation would noticeably
reduce the usable internal space, result in higher condensation risks and/or impose higher
risks to heritage value.

As previously noted by Historic England [7], original single-glazed window perfor-
mance can sensibly be improved with the addition of double-glazed secondary glazing
(A2aM2 and A2bM2 in Figure 3), resulting in windows becoming almost as energy efficient
as if they were upgraded to slim double glazing (A2aH1 and A2bH1 in Figure 3). This can
be particularly important for front windows, where the originals are often still in place,
to ensure their conservation while improving performance. This is mostly true for the
windows in CSs 2, 8, 12 and 16 (west-facing), as well as in CSs 7 and 13 (south-facing),
which are exposed to the prevailing winds in this area (coming from the south-west). In fact,
although double-glazed secondary glazing gives slightly lower energy savings compared
to slim double-glazing in these CSs, their orientation is ideal to reduce the risk of conden-
sation with this intervention [74,77,80]. Any intervention on windows in TLDs should,
however, be negotiated with conservation officers due to the impact on their heritage value.
In some dwellings, the risks imposed to the heritage value and the negative consequences
for the usability of the window may outweigh the benefits of any medium- or high-risk
interventions. In CS17, for instance, the savings obtainable by means of secondary glazing
or slim-double glazing are minimal, ranging from 1.6% to 4.6% (Figure 3), and only the
addition of internal shading devices permitted the achievement of similar savings (3.1%).

Further analyzing the parameter importance results presented in Figure 4, the flat roof
(A5b) only results in the most important parameter for CS13, potentially producing up to
20% energy savings (Figure 3), far outweighing what can be achieved by means of wall
insulation. This is certainly due, in this CS, to the large area ratio taken up by the flat roof
construction (41%), uninsulated in the baseline scenario. In the other dwellings where roof
constructions are found (CSs 7, 12, 14 and 17), these constitute a smaller area of the external
envelope and are either suitable only for loft insulation (CSs 7 and 17) and/or have already
been insulated in their baseline scenario (CSs 7, 12 and 14), which leads to a low potential
of U-value improvement in the retrofitted scenarios.

In none of the ground floor-level dwellings investigated (CSs 12, 14 and 16) does the
ground floor construction result in the most important parameter (Figures 4 and 5), and it
is rather overshadowed by the importance of walls. In CS12, the energy savings achievable
by means of retrofit options for the suspended timber ground floor are negligible (3.1%
for aerogel insulation board above the ground floor construction—A4bM1—and 2.5% for
sheep wool insulation between the joists—A4bH1—as shown in Figure 3) because only
one room is in contact with the ground; hence, the area ratio of this construction is only
17% of the total thermal envelope. Anyway, in CSs 14 and 16, the results obtained for the
solid ground floor (A4a, in CS14) and suspended ground floor (A4b, in CS16) show energy
savings just below 10% and should not be disregarded (Figure 3). In these CSs, the whole
dwelling area is at ground level, corresponding to 40% (in CS14) and 73% (in CS16) of the
thermal envelope.
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5. Discussion

5.1. Triangulation of Results Concerning Window and Wall Retrofit

The findings from this study confirm the results of most of the literature on building
retrofit, both in the UK and elsewhere. Ben and Steemers [22] investigated non-traditional
dwelling retrofit and found higher energy savings from cavity wall insulation (9%) than
from secondary glazing (6%). The savings obtained from wall retrofit were smaller in this
study than the ones reached in our study (approximately 5% to 25%—see Figure 3), which
instead investigated traditional dwellings. However, the savings predicted from secondary
glazing by Ben and Steemers were in the range of those calculated in our study. The study
conducted by He et al. [38], simulating traditional and non-traditional dwellings in the
north-east of England, obtained lower energy savings than our study but achieved a similar
ranking of intervention effectiveness. Their study showed that the highest energy savings
were achieved by means of solid wall insulation (heating demand reduction of 5.7%),
which far outweighed those achievable by double glazing (heating demand reduction of
0.6%). A comprehensive review of the outcome of UK retrofit projects was conducted
for the DEEP research paper [21] whose findings suggest that upgrading windows could
reduce HEC by between 5% and 15% (slightly less than what was found in our study),
while solid wall insulation could generate from 13% to 68% savings in HEC (within the
same range as that obtained in our study), confirming the significant reductions in heat
transfer achievable with solid wall insulation. The NEED analysis of domestic energy
consumption [31] resulted in lower energy savings from solid wall insulation measures
(median gas savings of 14%) compared to those achieved in our study. Nonetheless, solid
wall interventions were potentially the most effective compared with the other measures
evaluated in NEED (new condensing boiler, loft insulation, cavity wall insulation and PV
panels). Other studies in cold climatic conditions came to different conclusions: from the
analysis of an old Danish multi-family building retrofit, Morelli et al. [53] found the savings
achievable with window interventions in the range of those achievable with interventions
on walls—both about 20%. However, their best-performing intervention for windows used
three panes of glass, which was applicable in our context due to the listing.

Most studies conducted in the Mediterranean area [24,32,35] came to similar con-
clusions to those achieved in most of the CSs in our research, showing the impact of
energy-efficient windows to be less significant than the impact of thermal insulation on the
HEC of the buildings investigated. The Mediterranean climate is the main cause for the low
overall HEC savings post-intervention in the studies conducted in Turkey by Sahin [58]
and in Portugal by Flores [33]. In both studies, the energy savings achievable with window
retrofit interventions (for a public historic building and for historic dwellings, respectively)
were estimated to be below those achievable through wall interventions. However, savings
from each measure individually accounted for only below 5%. The study conducted on
solid-walled residential building prototypes by Kolaitis et al. [44] showed a higher energy
saving potential for internal wall insulation configurations when the modeled flat was sim-
ulated in the Mediterranean climate (65%) than when the same intervention was simulated
in the colder Oceanic climate (47%) where the risks of condensation were higher.

There are also studies conducted in the Mediterranean area on historic public buildings,
where window retrofit obtained the highest energy savings [17,50], showing opposite find-
ings to those of our study. Ascione et al. [17] found that the heating energy demand was
reduced by 37% with the application of new double-glazed windows (to achieve a U-value of
1.49 W/m2K) vs. 9% with 5 cm of insulating plaster for most of the walls. Mancini et al. [50]
showed potential HEC savings due to retrofit interventions for windows in the range of 28%,
which far outweigh those achievable through other retrofit interventions, e.g., wall insulation
(21%), loft insulation (9%) and floor insulation (7%).
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Few studies refer to traditional dwellings in the UK, and even fewer address traditional
dwellings of heritage value. Rhee Duverne and Baker [57], assessing the outcome of a range
of retrofit interventions for a Victorian terraced house in the UK, conceded to the energy
improvements achievable by reinstating old timber windows upgrading their glazing,
which also aids in restoring the original character of the building. Their study showed that
retrofit interventions for windows obtained a 43% heat loss reduction through the element;
however, solid wall retrofit measures reduced heat loss through the wall by more than
80%. Wall insulation resulted in their study as the best-performing intervention (given
the SAP rating). These data might not be directly comparable to the results of our study,
but they confirm that interventions on walls can potentially generate the highest energy
savings. The study conducted by Moran [52] in three 19th C terraced houses considered
retrofit interventions applied progressively in packages. It included window retrofit in a
first combination of measures involving draught-proofing, ground floor insulation and
roof insulation, as well as boiler and appliance upgrades. The savings attributable to this
package of interventions ranged from 8% to 51%, while those obtained when adding wall
insulation to these measures ranged from 54% to 85%. Although in Moran’s study it was
not possible to directly compare the savings due to the walls’ retrofit to those attributable
to other parts of the building envelope, it is evident that external wall performance played
an important role in determining the final HEC, and hence the CO2 emissions, as shown
for many of the CSs investigated here. A different conclusion was obtained in the study of
a Victorian terrace house conducted by Neroutsou and Croxford [55]. Their study found
a significant disproportion between the heating load reduction achievable with window
retrofit interventions (30%) and that achievable with wall insulation (18%)—both aiming to
meet the target U-value imposed by Building Regulations—despite the high percentage
of the external envelope taken up by walls in their CS (based on an end of terrace house).
When the building was simulated to meet EnerPHit standards (hence lower envelope
U-values), the heating load reductions from retrofitting the walls (33%), roof (31%) and
windows (32%) were similar.

5.2. Triangulation of Results Concerning Roof and Floor Retrofit

It is not possible to compare our results concerning roof retrofit with the major-
ity of previous studies as most of them are either focused on retrofit interventions
for walls exclusively [18,28,30,36,37,42,44,46,47,62], for windows only [40,41,45,51], or
on combinations of multiple interventions, often including both active and passive
measures [17,22,25,26,29,32–34,40,43,48–50,52,53,57,58] and frequently assessing them as a
whole. Neroutsou and Croxford [55] found a 24% HEC saving potential from the pitched
roof insulation between rafters in a traditional Victorian house when aiming to achieve a
target U-value of 0.20W/m2K, hence resulting in a similar scenario to the one found in our
research. Similarly, the DEEP research paper [21] found that insulation at the rafters’ level
could reduce whole-house heat loss by 20%, as much as solid wall insulation. These data
are not directly comparable with our results as the pitched roof constructions investigated
were already insulated in the baseline scenario in our study.

Most of the previous studies did not include ground floor interventions or consider
them together with a package of retrofit measures for the envelope. The DEEP literature
review on domestic retrofit practices [21] found that suspended ground floor retrofits are
rare in the UK despite there being around 10 million uninsulated floors. However, their
study suggested that insulating these floors could reduce heat loss in homes by up to 20%,
depending on how much infiltration is taking place through the ground floor. This value
is much higher than that found in CS16 in our study, despite the large proportion of the
thermal envelope taken up by the ground floor in that dwelling. This is possibly due to
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the combined effect of adding insulation and draught-proofing, which in our study are
instead considered as two separate interventions (with draught-proofing as part of the
first stage—low-risk interventions). The few studies that assessed the outcome of ground
floor insulation for traditional dwellings generally showed lower savings than those found
in our study. Wise et al. [63], investigating traditional heritage dwellings in the UK,
obtained 1.5% and 1.7% HEC savings. This is likely because, in their study, the dwellings
investigated presented a mixture of solid and suspended ground floor constructions, but
only the suspended floors were insulated as part of the interventions proposed. Similarly,
Neroutsou and Croxford [55] found a 3.5% HEC saving potential from the ground floor
insulation in the Victorian two-story terraced house investigated. Rhee Duverne and
Baker [57] found the energy savings achievable by floor insulation to be nine times smaller
than those achievable by wall insulation (approximately 10 kWh/m2yr vs. 90 kWh/m2yr)
for a Victorian terrace house and double those achievable by loft insulation. CSs 14 and
16 in our study showed similar energy savings obtained by ground floor insulation (from
7.7 kWh/m2yr with limecrete floor—A4aH1—in CS14 to 8.9 kWh/m2yr with thin aerogel
board—A4bM1—for CS16). However, the maximum savings achievable by the walls in
these CSs were below 20 kWh/m2yr, hence just double the size of those achievable by
ground floor insulation. These results are likely due to the thermal envelope area ratio taken
by the ground floor constructions, which is certainly larger when assessing an individual
dwelling (as in our study) than when assessing two-story terrace houses (like in Neroutsou
and Croxford [55] and Rhee Duverne and Baker [57]).

5.3. Triangulation of Results Concerning the Whole Energy Retrofit Approach

A comparison of the results of our study with previous studies in the UK and elsewhere
shows similarities but also many differences, even when considering the same population
and similar climatic contexts. Such variances are a consequence of three main factors:

- differences in the specific baseline conditions and in the range of interventions, and
hence in the achievable reduction in the U-values of the constructions

- differences in the surface areas of the envelope attributed to each intervention
- differences (if any) in the climatic conditions in which the studies were carried out.

This conforms to the suggestions made by heritage and conservation bodies (Historic
England, 2012 and 2018a; Historic Scotland, 2013; STBA, 2012a) when it comes to traditional
heritage building retrofit, articulating them further into the following conclusions:

- each building must be assessed individually
- each building is characterized by an individual baseline scenario
- it is essential to strike a balance between the following:

� respect for heritage features
� the thermo-hygrometric behavior of the construction; and
� the target energy performance.

- These all play a special role in the selection of the most responsible, safe and effective
retrofit measures and affect their outcome.

A wide range of energy and carbon savings were computed in this study based on
different combinations of responsible and safe interventions. Figure 7 shows the HEC
savings % achievable with the most effective combinations of the following:

- medium- and/or high-risk interventions against the BL scenario (in blue)
- low-, medium- and/or high-risk interventions against the B scenario (in orange)
- boiler upgrade and low-, medium- and/or high-risk interventions against the normal-

ized (N) scenario (in green).
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Figure 7. HEC savings % achievable with the most effective combinations of interventions.

The most effective combinations of medium- and/or high-risk interventions (in blue
in Figure 7) for the selected CSs could provide energy savings ranging from 18% (CS7)
to 54% (CS2) compared to the energy consumption in the BL scenario. This is due to
differences in baseline scenarios, where CS7 has already been partially retrofitted (added
floor level, loft insulation and upgraded windows). In contrast, CS2, which has not been
subject to any prior retrofit intervention, shows the highest energy savings potential despite
its limitations due to heritage features and condensation risks. Furthermore, CS7 has a
large form factor (1.69), which is double that of CS2 (0.81)—see Tables 2 and 3. Despite the
windows-to-walls ratio (WWR) being higher in CS2—24% for CS2 vs. 18% for CS7—the
windows can be retrofitted to higher levels of performance compared to the walls of CS2
(achieving a maximum ΔU-value of 4.11W/m2K with secondary double glazing for both
the front and back windows vs. a ΔU-value of 1.58W/m2K with an aerogel blanket for solid
walls). CSs 14 and 16 both show 45% energy savings with the best-performing combination
of medium- and/or high-risk options, despite having large form factors (1.63 for CS16
and 1.94 for CS14—the largest of all CSs). This is likely because a large part of the thermal
envelope of these dwellings is the ground floor construction (about 40% for the solid
ground floor in CS14 and 61% for the suspended ground floor in CS16) and both dwellings
are sheltered from the weather, being at a lower ground floor (with CS14 overlooking
the internal courtyard of the building). Considering the impact of low-, medium- and/or
high-risk interventions on the baseline scenario (orange bar in Figure 7), the savings range
from a minimum of 33% for CS7 to a maximum of 57% for CS2. The savings due to low-risk
options (the difference between the first and second bar for each CS in Figure 7) are highest
for CS7 (where draught-proofing, internal shading devices and loft insulation can all be
applied) despite the loft already being partially insulated. This is because the baseline air
leakage rates are particularly high (ranging from 1.2 to 1.4ACH in most rooms vs. values
for the other CSs ranging from 0.4ACH for CS14 to 1.1ACH for CS16); hence, CS7 has a
larger potential for improvement by means of draught-proofing compared to the other
dwellings (for details, please see Menconi et al. [95]).

When assessing these findings in the wider context of the literature, it is obvious that
a unique pattern is very difficult to discern and probably less relevant because no two
properties are the same. Nevertheless, this paper aims to present results that can be cross
compared meaningfully not only between the CSs under investigation but also with those
of other studies and can therefore be generalized with a satisfactory level of reliability both
internally and externally. The energy and carbon savings potential of interventions are
strictly related to the following:
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- the geometry of each dwelling
- the thermo-physical characteristics of the envelope in its base case
- the area ratio of each part of the envelope to the whole thermal envelope
- the target performance to be achieved
- the limitations due to the thermo-hygrometric balance and heritage value of

the constructions.

Bothwell et al. [25], simulating retrofit packages for the social housing stock in the UK,
found a 25% HEC reduction when combining external wall, ground floor and loft insulation;
triple-glazed windows; and draught-proofing. He et al. [38] reached an overall reduction
of 13.9% in total heating demand by applying a range of passive retrofit options on a large
sample of dwellings in the UK. Both UK studies resulted in energy savings predicted by the
most effective combinations of interventions on dwellings (not of traditional construction),
which were significantly lower than in our study.

Similar results to our study were obtained by Neroutsou and Croxford [55] and by
Rhee Duverne and Baker [57] investigating passive retrofit measures for Victorian terrace
houses (end-of-terrace and mid-terrace houses, respectively). They achieved approxi-
mately 50% and 43% energy savings, respectively, through the combination of all the
measures selected.

When considering combinations of measures, a large part of the literature considers
heating system upgrade alongside a range of passive measures applied to the envelope.
To compare the findings of the current study with this part of the literature, the HEC
savings achieved by the best-performing combinations of low-, medium- and/or high-risk
passive measures together with boiler upgrade were considered (green bar in Figure 7);
they ranged from 48% (CS17) to 67% (CS8). This resulted in a mean reduction in operational
CO2 emissions of 1800kg among the CSs selected. As expected, CS8 achieved the highest
energy savings. This dwelling is heated by an old LPG heater and a small electric heater (in
the bathroom) in its status-quo condition; hence, the change to a high-efficiency gas boiler
certainly improved its energy performance. All the CSs showed considerable to significant
improvements achievable by their heating system upgrade, resulting in an average 15%
HEC savings potential across the CSs investigated. This finding further confirms the advice
of conservation bodies concerning the importance of this intervention prior to any passive
retrofit measure that can pose higher risks to the heritage value of the dwelling and to the
thermo-hygrometric balance of its constructions [4,66,83,84], to cite but some.

The study conducted by Broström et al. [26] for dwellings of heritage value in Sweden
resulted in annual energy savings ranging from just below 20% (for heating system upgrade,
draught-proofing and loft insulation) to nearly 75% (when those measures were combined
with external wall insulation and new triple-low-E-glazing windows). In the Mediterranean
area, the study conducted by Dalla Mora et al. [29] demonstrated that the combination of all
the retrofit interventions proposed for a traditional listed building (heating system upgrade,
solar and photovoltaic panels, energy-efficient windows and internal wall insulation)
achieved 88% HEC savings.

Amongst the UK studies, the NEED literature review [31] suggests that the HEC
savings obtained by whole house retrofit studies in the UK range from 35 to 56%. Ben
and Steemers’s study [22] of a non-traditional heritage dwelling resulted in 30% energy
savings achievable by means of the most effective combination of measures (including
both passive measures and boiler upgrade). The study by Heat et al. [40] on a traditional
heritage dwelling in Scotland utilized steady-state energy simulation software applications
to simulate boiler upgrade together with a range of passive measures (double-glazed
windows, ground floor insulation, loft insulation and internal wall insulation). They
obtained a wide range of results, with average energy savings of approximately 65%. This
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high value can be attributed to the derelict conditions of the building in its baseline scenario,
confirming the variability of the findings due to diversities in the status-quo conditions.
Moran (2013) found savings ranging from 54% to 85%. This range of results is also a
consequence of the range of baseline scenarios of the CSs (whose base-case energy use
ranged from 499 kWh/m2 to 197 kWh/m2). The gap between these results and those of
the current study is again due to different baseline scenarios (base-case energy use in the
current study ranging from 231 kWh/m2 to 40 kWh/m2). Different U-value targets for the
envelope—which were based on the passive house standards of Moran [52]—are another
contributing factor to the differences between findings. Organ et al. [7] obtained HEC
savings for the archetype models of a pre-1850 terrace house and two Victorian terrace
houses ranging from 53% to 67% with a low-impact package of measures (including heating
system upgrade alongside measures for the envelope). They also simulated the same
models with a high-impact package of measures (including photovoltaic panels alongside
all other measures, applied to a greater extent) and found HEC savings ranging from 68% to
75%. The Historic England report on carbon reduction scenarios in the built environment [7]
concluded that out of the three sources of carbon savings evaluated (i. building fabric and
air tightness improvements; ii. a shift away from fossil fuel-based heating; and iii. the
decarbonization of the national electricity grid), building fabric improvements indicated
the greatest potential for carbon reductions.

The results obtained in our study are in the range of those found in previous studies
that investigated retrofitting traditional dwellings in the UK. These findings prove the
significant energy and carbon saving potential for TLDs and in general for the pre-1919
dwelling stock. Our study showed that this such potential can be fulfilled by means of safe
interventions that respect the heritage value of this part of the housing stock.

6. Conclusions

6.1. Summary of Results

This paper presented the results of our study aimed at devising a suitable whole
house passive retrofit approach for TLDs. Each influential parameter analyzed in this study
was considered and its contribution towards the change in HEC (hence, CO2 emissions)
assessed. Energy savings achievable through individual interventions and with the most
effective combinations of interventions were discussed comparing the CSs transversally
between each other and in the wider context of the literature. The analysis and discussion
confirmed that each dwelling is unique, requiring individual assessment to devise the
most effective, responsible and safe retrofit measures to improve energy performance and
decrease carbon emissions while respecting heritage character and traditional construction.
Nevertheless, the analysis highlighted some patterns in the results from this study that link
the importance of each parameter to its corresponding area ratio of the envelope and to the
actual change in its thermal performance as a result of interventions.

In this study, the most effective low-, medium- and high-risk interventions, combined
with boiler upgrade, reduced operational CO2 emissions by a mean of 1800kg among
the CSs selected. As a rough estimate, if all the listed converted flats in Brighton (over
5000, as estimated from an analysis of the listed entries for Brighton and Hove—[15]) were
retrofitted, approximately 9000 tCO2 could be saved. If the whole number of traditional
dwellings in Brighton (40,000 [13]) were retrofitted, the savings could increase to up to
72,000 tCO2. The results of our study show that traditional heritage dwellings should not
be overlooked in the effort to tackle the climate change crisis.

The following are wider implications that can be extrapolated from the findings of
this study.
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• Among the medium- and high-risk interventions, IWI generally outperforms all
other measures. However, if combining window upgrade with draught-proofing
and shading devices, interventions on windows can produce similar or higher HEC
savings than those produced by IWI.

• IWI implies the risk of interstitial condensation. To avoid this, the insulation should
be breathable, and the retrofitted construction should aim for a U-value ranging from
0.44 to 0.92 W/m2K (for solid walls) and from 0.55 to 0.77 W/m2K (for walls finished
in plaster-on-lath). Hence, to be on the safe side, the target U-value suggested by AD
Part L1B of the Building Regulations should not generally be aimed for dwellings of
traditional construction.

• Among window measures, secondary slim double low-E glazing is the best performing
and results in HEC savings higher than slim double glazing while implying less risk
for the heritage value. To avoid risks of condensation, secondary double glazing
should be prioritized, especially for windows facing south or south-west in Brighton,
as these are exposed to its prevailing winds.

• Both secondary slim double low-E glazing and slim double low-E glazing allow the
achievement of lower U-values than those asked for windows by AD Part L1B of the
Building Regulations.

• External door retrofit produces only small HEC savings and is often discouraged in
traditional dwellings for front doors due to heritage value considerations.

• Insulating ground floors can achieve nearly 10% HEC savings in both solid and
suspended ground floors, especially when the ground floor construction takes up a
large proportion of the external envelope.

• Both aerogel insulation blankets and sheep wool insulation (for suspended floors) or
limecrete (for solid floors) help achieve similar energy savings for ground floors. The
choice should be made by balancing the level of acceptable disruption. When there are
no historic finishes to conserve, the option of aerogel blankets is preferable to limit the
level of disruption; when historic finishes are in place, high-risk measures (i.e., sheep
wool insulation or limecrete floor) are more suitable as they allow the conservation of
the existing flooring material although causing more disruption.

• Roof insulation is an effective option when the roof is uninsulated and even more if it
takes up a large proportion of the external envelope, e.g., in top-floor flats.

• For roofs, the choice between medium- or high-risk solutions mainly depends on the
level of disruption acceptable and on the heritage value of the ceiling. When the ceiling
is not decorated, sheep wool insulation is preferable if some disruption is acceptable.
This may not be permitted if the occupants stay in the flat during the work. If there is
a decorative ceiling, it is preferable to add insulation on top of rafters/joists when this
does not lead to unacceptable changes in the uniformity of the roofs’ height (i.e., in a
row of listed terraces) and allowing for the higher costs associated with the removal
and repositioning of the roof cladding.

• The highest HEC savings from the retrofit measures can be obtained, as expected, in
the dwellings that have the highest thermal envelope-to-TFA ratio by combining low-,
medium- and high-risk options with boiler upgrade.

6.2. Contributions of This Paper

The main novelty of this research lays in the rigorous, layered and systemic mixed-
method approach taken to devise effective retrofit solutions for TLDs, applied and tested
on multiple representative CSs, of which multiple units of analysis were accounted for.
The critical review of the literature highlighted a major research gap indicating a lack of
an all-inclusive methodology capable of ensuring that all participating factors (within the
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scope of the study) are considered, while the need for it has been repeatedly called for by
academics. The methodological approach devised for this study builds upon that already
taken by previous UK and international projects, e.g., CALEBRE, EFFESUS and RIBuild,
as follows:

• it stems from a similar approach to retrofit to that of the CALEBRE project [100], aimed
at improved air tightness and U-values of the external envelope

• it filters the range of measures selected through the identification of the specific
heritage values to be protected in each CS

• it assesses the impact of each measure on such values, similarly to the EFFESUS [30]
project, to come up with a list of responsible measures

• it applies a further filtering of the responsible retrofit measures selected, assessing
the associated condensation potential, as in the CALEBRE and RIBuild [101] projects,
to obtain a responsible and safe range of measures and determine in detail material
build-ups for each of them

• it assesses the effectiveness of the interventions devised by measuring their impact
on energy consumption and associated CO2 emissions by means of DES, as in the
CALEBRE project.

This strategy contributes to the novelty of this study, implementing what precedent
studies had partially achieved, though they curtailed their ability to fully account for all
the complex interrelated factors that characterize TLD retrofit. The strategy developed
in this study, by contrast, aimed to take a holistic approach to address all these multiple
aspects of the problem (HEC and carbon emission reduction, heritage value preservation
and condensation risk). It does so by devising a trade-off between the need for individual
solutions—accounting for the complexity of all factors involved in each dwelling—and the
necessity of consistency in the rationale behind the choice of interventions and materials.

Due to its multifaceted, modular and adaptable approach, the methodology de-
vised, used and tested for dwellings in South-East England is flexible and customizable;
therefore, it could easily be applied to investigate the current behavior and formulate
energy improvement solutions for similar or different buildings in similar or different
contextual conditions.

The analysis and discussion of the results of this and similar studies showed that the
solution to the problem of whole dwelling retrofit for TLDs cannot be easily generalized be-
cause each specific CS needs an individual assessment. Nevertheless, the results presented
in this paper are a contribution to the body of research because a range of passive interven-
tions were tested and studied in terms of their feasibility and effectiveness on selected TLD
CSs to generate a framework of tested solutions. The need for decision making/assisting
tools for retrofit has been highlighted in the literature to aid both users and designers
in the choice of the most suitable and effective retrofit scenario. The envisaged results
could, finally, provide a more reliable framework of tested solutions and could facilitate
dialogue with conservation officers and public conservation bodies to extend the effective
and healthy service life of heritage buildings, safely enhancing their energy performance
while preserving their heritage values.

6.3. Research Limitations
6.3.1. U-Value Calculations

Invasive investigations (e.g., core sampling) were not possible in the CSs investigated
due to the private ownership of the dwellings and their heritage value. Hence, the material
build-ups for the whole envelope were based on the actual thickness of the construction, as
measured in situ, the visual and tactile investigation of the internal and external surfaces,
the thermal imaging survey and the literature review and conversations with local experts
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on the construction methods and materials of the time. The thermal performance of such
envelopes, therefore, was subject to a certain degree of uncertainty. For this matter, it
was also considered whether to collect primary data from the real cases to calculate the
U-values of their envelopes using heat fluxmeters coupled with internal and external
temperature sensors [102–104]. This could have been an option, adding to the credibility
of the study, but did not prove to be the most practical one as it had cost implications
and involved more time or repeated visits that might not have been welcomed by the
participants. Furthermore, due to the range of materials used within the same envelope in
traditional dwellings and to the varied thicknesses of one such envelope, the test should
have been repeated in more than a few spots for each CS in order to reach credible fabric
survey outcomes.

Therefore, the contingency plan was to use the calculated U-value for each building
element according to the assumptions related to the material build-ups. A quality check of
such values was achieved by comparing the U-values calculated by the software with those
measured by similar research on traditional masonry buildings. The comparison showed
U-values in the range of those measured [64,102–104] or calculated [105] by previous
studies. A further confirmation of the assumptions made was given by the success of the
calibration stage.

6.3.2. Condensation Risk Analysis

There are intrinsic limitations to the use of a steady-state method for condensation risk
analysis. These were addressed in this study by the application of a worst-case scenario of
boundary conditions. To assess how conservative the IES predictions were and whether
this may have affected the results, a dynamic hygrothermal simulation test was carried out
for a wall construction in its baseline scenario and post-interventions. The test confirmed
the results given by the steady-state assessment carried out in IES.

6.4. Recommendations for Future Research

This study could be further developed to add other insights into this field of research,
and the methodology applied here could also be further applied to other similar or different
contexts to widen the impact of this research and allow for a wider breadth of results. Some
areas where this research could be further developed, or the methodology could further be
applied, are as follows.

6.4.1. Indoor Comfort

The retrofit measures selected and tested in this study were assessed against four
main criteria, i.e., impact on heritage value, risk of condensation and potential reductions
in both HEC and CO2 emissions. The assessment of indoor comfort criteria pre- and
post-intervention can add another useful output to this study and further contribute to its
holistic approach. This could be important to address the risk of overheating for retrofitted
dwellings and is particularly needed for dwellings retrofitted using internal wall insulation.
A test run of thermal comfort and an overheating analysis using the TM59 methodology
was carried out to ensure compliance with PAS 2035 [106] and can be used for future
research. A further stage of simulation would then be needed to explore forthcoming
climate scenarios using future weather projection averages.

6.4.2. Economic Implications of the Interventions

The cost of the interventions was excluded from this study. However, this could be a
further decision factor to add to the investigation of suitable retrofit measures alongside
other analysis criteria. The modularity and flexibility of the methodology devised in this
study, however, prove effective and customizable to serve a wider analysis.
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Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/en18040850/s1: Table S1: CS2 Calibration stage 1-energy data;
Figure S1: CS2 floor plan with annotated position of data loggers in the living area (L) and in the
bedroom area (B1 and B2); Figure S2: CS2 Calibration stage 2a-graphic calibration-temperature
data-Living room-5 May–1 July 2017; Table S2: CS2 Calibration stage 2b-NMBE and CV(RMSE)
between simulated results and data logging-temperature data-Living room-5 May–1 July 2017;
Figure S3: CS2 Calibration stage 2a-graphic calibration-relative humidity data-Living room-5 May–1
July 2017; Table S3: CS2 Calibration stage 2b-NMBE and CV(RMSE) between simulated results and
data logging-relative humidity data-Living room-5 May–1 July 2017; Figure S4: CS2 Calibration
stage 2a-graphic calibration-temperature data-Living room-14 December 2017–14 February 2018;
Table S4: CS2 Calibration stage 2b-NMBE and CV(RMSE) between simulated results and data
logging-temperature data-Living room-14 December 2017–14 February 2018; Figure S5: CS2 Cali-
bration stage 2a-graphic-relative humidity data-Living room-14 December 2017–14 February 2018;
Table S5: CS2 Calibration stage 2b-NMBE and CV(RMSE) between simulated results and data logging–
relative humidity data-Living room-14 December 2017–14 February 2018; Figure S6: CS2 Calibration
stage 2a-graphic -temperature data-Living room-30 May–1 August 2018; Table S6: CS2 Calibration
stage 2b-NMBE and CV(RMSE) between simulated results and data logging-temperature data-Living
room-30 May–1 August 2018; Figure S7: CS2 Calibration stage 2a-graphic calibration-relative hu-
midity data-Living room-30 May–1 August 2018; Table S7: CS2 Calibration stage 2b-NMBE and
CV(RMSE) between simulated results and data logging-relative humidity data-Living room-30 May–
1 August 2018; Figure S8: CS2 Calibration stage 2a-graphic calibration-temperature data-Master
bedroom-30 May–1 August 2018; Table S8: CS2 Calibration stage 2b-NMBE and CV(RMSE) be-
tween simulated results and data logging-temperature data-Master bedroom-30 May–1 August 2018;
Figure S9: CS2 Calibration stage 2a-graphic calibration-relative humidity data-Master bedroom-
30 May–1 August 2018; Table S9: CS2 Calibration stage 2b-NMBE and CV(RMSE) between sim-
ulated results and data logging-relative humidity data-Master bedroom-30 May–1 August 2018;
Figure S10: CS2 Calibration stage 2a-graphic calibration-temperature data-Master bedroom-14 De-
cember 2017–14 February 2018; Table S10: CS2 Calibration stage 2b-NMBE and CV(RMSE) between
simulated results and data logging temperature data-Master bedroom-14 December 2017–14 Febru-
ary 2018; Figure S11: CS2 Calibration stage 2a-graphic calibration-relative humidity data-Master
bedroom-14 December 2017–14 February 2018; Table S11: CS2 Calibration stage 2b-NMBE and
CV(RMSE) between simulated results and data logging-relative humidity data-Master bedroom-14
December 2017–14 February 2018; Table S12: Envelope U-values pre- and post-interventions TFA
and thermal envelope area of the CSs; Figure S12: CS2 and areas of intervention A2 (windows)
and A6 (wall); Figure S13: CS2 is a first-floor dwelling in the Brunswick Town Conservation Area;
Table S13: Medium and high-risk interventions: individual ranking for CS2; Table S14: The combina-
tions ranking matrix for CS2.
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Abstract: The paper analyses multi-variant energy simulations carried out in IDA ICE
4.8 software for a newly designed single-family building within the framework of the
4E Idea. This idea assumes the use of energy-saving, ecological, ergonomic, and economic
solutions in construction and building operation. Energy simulations were conducted to
evaluate the annual energy-saving potential of the developed architectural house concept,
which incorporates ergonomic analyses and cost-effective construction solutions. Anal-
yses were conducted to optimise the non-renewable primary energy index by selecting
mechanical ventilation system (CAV or VAV) with heat recovery; the configuration of pho-
tovoltaic module installation in terms of their location and orientation; the exposure and
type of solar thermal collectors (flat and vacuum); and the use of two types of heat pumps
(air- and ground-source). The most favourable energy performance of the building was
achieved with an HVAC system equipped with a VAV mechanical ventilation system with
heat recovery, an on-grid photovoltaic installation, vacuum solar thermal collectors, and a
ground-source heat pump with a horizontal heat exchanger. This configuration resulted
in a primary energy index value of 2 kWh/m2/year. The results of the analyses carried
out for the 4E building concept may serve as a reference point for future energy-efficient
building designs aspiring to meet higher standards of sustainable development.

Keywords: renewable energy sources; energy performance; single-family building; heat
pump; solar thermal collector; photovoltaics; energy analyses

1. Introduction

The global goal of reducing energy consumption in buildings and mitigating their
environmental impact continues to challenge the architectural, engineering and construc-
tion sectors. Maintaining high-quality comfort in terms of building functionality and
occupant satisfaction is an additional challenge and, therefore, requires the application of
a person-centred design of physical and social environments [1]. These challenges apply
to all types of buildings, but due to the prolonged time people spend indoors, residential
buildings are particularly important.

In Poland, single-family buildings accounted for 97.5% of all new residential buildings
constructed in the first quarter of 2024. Almost all of these buildings, i.e., 98.2%, were
constructed using traditional, improved technologies [2].
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Statistical data show that over many years the household sector in the European
Union has consistently contributed significantly to the final energy consumption [3]. In
2021, households made up a large proportion of the national energy consumption in EU
countries, ranging from 11.4% (Luxembourg) to 28.1% (Croatia). In Poland, this indicator
was 20.2% and was higher than the EU average (18.4%) [4]. In recent years, residential
buildings in Poland have consumed the most energy: approximately 66% for space heating,
followed by domestic hot water preparation (17%), lighting and electrical applications (9%),
and cooking (8%) [5].

The building sector in the EU is also a substantial contributor to greenhouse gas
emissions in the EU. In 2022, it was responsible for 34% of energy-related emissions [6].
Analyses of the whole life cycle performed for a single-family house showed that the
greatest contributor to the environmental effects was the energy consumed during building
operation, which contributed to 58% to 90% of the CO2 emissions [7]. Heating-related
energy consumption is one of the main sources of greenhouse gas emissions and accounts
for a large part of domestic energy use. Reducing heating-related energy consumption
offers great potential to reduce Europe’s greenhouse gas emissions. The analysis also
showed that facilities using heat pumps are characterised by an environmental impact that
is six times lower than that of facilities powered by coal combustion and electricity from
the network. Similarly, the social costs associated with CO2 emissions were significantly
lower in the case of the use of renewable energy sources [7]. It should be noted that in
Poland, despite the increased share of renewable sources in electricity production, hard
coal still has a significant share. In 2023, hard coal accounted for just over 60% of total
energy generation, while renewable energy sources contributed approximately 25% (wind
14%, photovoltaics (PV) solar 6.8%, and biofuels 4.7%) [8].

In the single-family home sector, a viable option is the production of electricity by
photovoltaic modules and its efficient on-site use. Thus, the application of PV panels with
heat pumps [9–11] and domestic hot water systems [12] is a promising solution. Several
studies have proven that such a combination can increase monthly self-consumption from
7% to 18%, and annually up to 13% [13]. An advanced smart-grid-ready controlled PV-
HP-battery system in a single-family household showed that, over one-year operation,
self-consumption can be increased even further, up to 43% [14]. The performance evaluation
of a combination of heat pump and PV system controlled by a novel algorithm and based on
simulations showed that between 25.3% and 41.0% of the building’s electricity consumption,
including the heat pump, can be covered directly by the PV installation annually. It
was noted that the characteristics of the heating system can significantly influence the
results. New buildings with floor heating and low supply temperatures yield a higher PV
self-consumption levels compared to buildings with radiator heating and higher supply
temperatures. The addition of a battery to the system further increased the degree of PV
self-consumption. It was also noted that due to the high investment costs of batteries,
they do not pay off within a reasonable period [12]. Another study in a Danish single-
family house with a heat pump and floor heating [15], experimentally demonstrated that
load shifting may be feasible and cost-effective, even without energy storage, and that
the current pricing scheme, which allows the grid operators to differentiate the end-user
tariffs throughout the day, provides a stimulus for end-consumers to shift heating loads. In
addition, it has been shown that space heating systems in Swedish houses equipped with
heat pumps have the potential to increase the resilience of the power grid during major
network disruptions by temporarily reducing the room temperature to an acceptable level
for the users [16].
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Energy used in a building, apart from heating and hot water production [17], is to a
large extent intended for heating (or cooling) the ventilation air. In accordance with the
requirements in Poland, the supply air volume flow rate in residential premises should
be constant and should correspond to the exhaust air volume flow rate planned for the
ventilation of kitchens and bathrooms. However, it should not be less than 20 m3/h per
person intended for permanent residence in the building design [18]. The installation
of a Variable Air Volume (VAV) system working with the demand–control principle can
noticeably reduce source energy and energy costs. Study measurements were carried
out in a 140 m2 single-family house occupied by two adults and two children, where the
controls installed in the existing mechanical ventilation system showed that the ventilation
operation can be reduced to a low rate of running 37% of the time without significant
changes in the CO2 concentration and moisture level in the house. Savings in electrical
energy for running fans were estimated at 35% [19]. Another study suggested that the
VAV system can be especially beneficial to houses in cooling-dominant climates [20]. In
Poland, due to legal restrictions, the VAV solution is not used, but its effectiveness is worth
investigating, especially if the air quality is not compromised.

Reduction in the amount of energy for ventilation air treatment can be achieved by
using appropriate heat recovery solutions and their frost control [21] or application of
a ground heat exchanger [22]. The operation of the ventilation system is essential for
removing air pollutants generated in the room and to maintain appropriate indoor air
quality. In residential buildings the primary pollutants are those related to occupants
and their activity, mainly bioeffluents represented by CO2 and humidity. Other indoor
sources are building materials and equipment emitting VOCs [23], which is especially
important in newly built houses. The pollution emission rate is strongly influenced by the
occupancy patterns [24]. The emission from building materials is continuous, although it is
strongest for new materials and decreases in time. One option to reduce emissions from the
building is the use of green materials [25]. However, it is necessary to provide measures
to mitigate risks and to remove the pollution. Studies performed in 25 energy-efficient
residential buildings with mechanical ventilation showed lower concentrations of indoor
PM10, PM2.5, CO2, and VOCs compared to conventional apartments. Also, the prevalence
of symptoms, particularly children’s atopic dermatitis and allergic rhinitis, was significantly
lower. Occupants showed a higher satisfaction level with their sleep quality, indoor air,
and indoor humidity than in conventional apartments [26].

Addressing these challenges requires innovative design strategies and technologies
that balance energy efficiency, environmental protection, economic viability, and user
comfort—the cornerstones of the 4E Idea [27]. The main assumptions of the 4E Idea model
single-family house project were:

• Energy saving;
• Ecology, including: management of rainwater and limiting its collection from the

network, use of construction materials from recycling to the greatest extent possible
and with the lowest possible carbon footprint;

• Economy, low investment and operational costs over the life cycle;
• Ergonomics, design solutions based on the analysis of the real needs of users in

different age groups, a building designed based on the principles of ergonomics.

The second assumption of the project was IDEA 2+2+(1), which assumes surface
and functional–spatial solutions for a family with a changing number of members at
different stages of the building’s life, i.e., two, four, or five family members. The project
assumed space flexibility, which can easily be rearranged or expanded. For this purpose,
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pre-designed studies were carried out, which allowed for the definition of the guidelines
for the project.

The topic of energy-efficient and environmentally friendly buildings, along with the
search for appropriate technical solutions, has been the focus of numerous studies in
recent years [28]. Most of these studies address individual aspects, such as the use of
photovoltaic panels or the optimisation of heat pump performance. However, only a few
studies consider multiple factors simultaneously. A novelty of the study presented in this
manuscript lies in the comprehensive consideration of the building as a whole, including
its construction and technical systems. The primary goal was to identify a combination of
solutions that would enable a single-family house to achieve zero-energy status.

This paper focuses primarily on the problems of energy production and consumption
and indicates solutions that include renewable energy sources and advanced HVAC sys-
tems, which will allow the goal of creating a zero-energy 4E Idea building to be achieved.
In addition to demonstrating the impact of the type of PV installation, solar thermal collec-
tors, and the type of heat pump, which was the subject of previous studies, the presented
analyses also raised the issue of the justification for using a CO2 concentration-controlled
VAV mechanical ventilation system to reduce energy consumption and the non-renewable
primary energy index. The analyses were conducted based on energy simulations of the
building designed for the local climate of Poland. The calculations used the IDA ICE
simulation tool, which has been previously used in many energy analyses of buildings,
including analyses of the operation of renewable energy sources [12,29–31]. Although IDA
ICE does not take into account the directionality effects of direct solar radiation [32], it has
been proven to accurately predict building thermal behaviour [33,34]. As a result of the ac-
tivities carried out, a concept of an energy-efficient building was developed, which in terms
of architecture, construction, and the configuration of the HVAC system and renewable
energy sources can be a starting point for future projects of energy-efficient single-family
buildings. It can also contribute to the development of energy-efficient single-family homes
that align with Poland’s environmental goals and global sustainability standards.

2. Materials and Methods

2.1. Characteristics of the Designed Building and Assumptions for the Simulation

The analysed facility was a newly designed single-family building that is detached,
single-storey, without a basement, and consisting of two cuboid-shaped parts covered
with gable roofs intersecting in the central part of the building. The building was divided
into four zones: the entrance zone—connecting the daytime and nighttime zones, as well
as the garage and utility rooms; the daytime zone—an open space comprising the living
room, kitchen, and access to the terrace; the nighttime zone—a private area containing
bedrooms and a bathroom; and the utility zone. A non-habitable attic was located above
the nighttime and utility zones. The usable floor area of the building was 147 m2. Including
the garage, the total area was 189.7 m2, with a total volume of 583 m3. Typically, the area
of a house for a family of four in Poland is approximately 120–150 m2, with an average of
132.6 m2 [2]. This space typically includes two rooms for the children, a bedroom for the
parents, a shared living room, a kitchen, a bathroom, a toilet, and an additional room.

The 1300 m2 plot was initially divided into four zones: the northern zone, designated
for entrance and utility functions; the eastern and south-eastern zone, allocated for the
installation of a ground heat exchanger; and the southern, south-western, and western
zones, intended for leisure and recreational purposes, which together constituted the largest
part of the plot.
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The daytime zone of the building, characterised by the largest glazed area on the
external wall, was oriented southward to maximise solar heat gains and thereby reduce the
building’s energy consumption. Figure 1 presents the building’s floor plan, showing the
division into daytime and nighttime zones, along with the detailed layout and floor areas
of the rooms. Figure 2 shows the visualisation of the building’s southern façade and the
interior of the living room with the kitchen.

Figure 1. Floor plan of the designed building, created using IDA ICE 4.8 software.

(a) (b)

Figure 2. Visualisation of the building’s southern façade (a) and interior of the living room with the
kitchen (b).

The height of the rooms in the nighttime (private) zone was 2.95 m, while in the
daytime (functional) zone, the height at the peak line of the roof was 4.90 m. The largest
room in the daytime part of the building was the living room with the kitchen. This
part of the building featured a gable roof, with exposed trusses inside, as well as large
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windows on the southern side. The glazing area accounted for 53% of the surface area of the
southern external wall. The nighttime zone contained two children’s bedrooms, the main
(larger) master bedroom, and a bathroom. Additionally, the building included a garage
with parking space for two cars and a utility room, which housed the domestic hot water
storage tank, a heat recovery ventilation unit (HRV), and other HVAC and electrical system
equipment. The connecting space between the two parts of the building was a corridor
with large windows opening onto the terrace. In all rooms, except for the non-habitable
attic, the air temperature was adjustable. Figures 3 and 4 depict the façades and a 3D view
of the geometric model of the building, created using the IDA ICE 4.8 software.

Figure 3. Views of the designed building’s façades—(a) northern façade, (b) eastern façade, (c)
southern façade, created using IDA ICE 4.8 software.

Figure 4. Three-dimensional views of the designed building, created using IDA ICE 4.8 software.

The building structure consisted of an external and internal arrangement of load-
bearing brick walls supported on a foundation slab, which incorporated a heating system
installation and was covered by a trussed roof.

The heat transfer coefficient of individual building partitions was calculated based on
the type and thickness of the construction materials comprising these partitions. The proper
materials were preselected based on their thermal properties and costs. The partitions were
designed to ensure that their heat transfer coefficient did not exceed the maximum value
specified in the standard [34]. Table 1 presents their structure and heat transfer coefficients.

The building was designed with a heating, ventilation, and air conditioning (HVAC)
system equipped with renewable energy sources. The heating system consisted of heating
elements in the form of floor heating with operating parameters of 35 ◦C/30 ◦C. These
parameters are widely used due to their compatibility with low-temperature heating
sources, such as heat pumps. They are commonly recommended in industry guidelines
and standards for residential heating systems of well-insulated buildings. In the garage, a
wall-mounted panel radiator was installed.

The heat source for the heating and domestic hot water systems was an air-source heat
pump with a nominal heating capacity of 6.1 kW and a coefficient of performance (COP)
of 5.2 (for an air inlet temperature of 7 ◦C and a hot water temperature at the heat pump
outlet of 35 ◦C). The system was supplemented with a buffer tank. The heating power
of the radiators and the heat pump was selected based on the calculated heat demand of
the building and individual rooms. The heating system was equipped with an automatic
air temperature regulation system for rooms, based on the set minimum air temperature
values: 24 ◦C for bathrooms, 20 ◦C for rooms designated for regular occupancy, 16 ◦C
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for the utility room, and 8 ◦C for the garage [35]. The domestic hot water system was
designed with a 300-litre storage tank. In heating mode, the heat pump was activated
when indoor air temperature fell below the heating setpoint. Heat was transferred to the
buffer tank, which supplied energy to the space heating system. The heat pump prioritised
domestic hot water production when the hot water tank temperature dropped below a
specific setpoint (55 ◦C). The system switched to domestic hot water mode when hot water
demand was detected, with priority over space heating to ensure uninterrupted hot water
supply. The heat pump operated at optimal efficiency by modulating its output based on
outdoor air temperature and load requirements. During mild weather, the heat pump ran
at lower capacity, while at peak demand, it operated at full capacity.

Table 1. Construction of external building partitions and their heat transfer coefficients. The layers
are presented in order from the inner side to the outer side of the building.

Building Partition Construction Heat Transfer Coefficient U, W/m2K

External wall

- cement–lime plaster
- brick wall made of perlite blocks in SYSTEM

3E, 35.2 cm thick
- mineral wool (insulation), 8 cm thick
- cement–lime plaster

0.14

Roof

- plasterboard
- vapour barrier foil
- polyurethane foam PUR/PIR
- mineral wool, 36 cm thick
- pine wood class C27
- roofing membrane
- flat roof tile Actua 10

0.08

Ground floor slab

- glass tiles
- primer, 6 cm thick
- damp proofing
- reinforced concrete slabs, 50 cm thick
- XPS Styrofoam, 20 cm thick
- substrate made of gravel, gravel and coarse

sand, 50 cm thick

0.14

Ceiling under the unheated attic

- cement–lime plaster
- SMART type compressed plates, 15 cm thick
- mineral wool, 30 cm thick

0.11

Windows 0.9
External door 1.3

The mechanical supply and exhaust ventilation system was equipped with a cross-
flow heat recovery unit (HRV) with an efficiency of 80%, along with an air heater with
a glycol heat exchanger and a ground heat exchanger (GHE) that helps save electricity
by cooling the supply air in the summer while pre-heating it in the winter. The type of
mechanical ventilation system, with variable air volume (VAV) or constant air volume
(CAV) flow rates, was selected based on the analysis results presented in Section 3. The
cross-flow heat exchanger in the HRV recovered heat from exhaust air to preheat incoming
fresh air during cold seasons. In the summer, the heat recovery function operated in reverse
to avoid overheating the incoming air. The air heater (connected to the horizontal GHE)
was used to condition the supply air further when the preheated air did not meet the
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desired temperature. The heater was activated based on real-time indoor air temperature
and demand. The GHE preconditioned incoming fresh air by exchanging heat with the
ground. In the winter, it preheated cold outdoor air to reduce the load on the ventilation
system and the air heater. In the summer, it cooled the warm outdoor air, providing passive
cooling and reducing the need for active cooling systems.

The building was also planned to be equipped with an on-grid photovoltaic system
aimed at covering the building’s electricity demand, including the operation of HVAC
components, such as the heat pump. A self-consumption rate of 40% of the produced
electricity was assumed [36,37]. The location of the photovoltaic modules was also de-
termined based on the results of the analysis presented in Section 3. In IDA ICE, the
energy generated by the PV system depends on solar radiation data from a weather file.
This file contains hourly values for global and diffuse solar radiation, which is essential
for simulating localised energy output. Users can select or define a specific weather file,
enabling real-time calculations based on solar radiation, panel efficiency, environmental
conditions, and system losses.

Additionally, two rainwater collection tanks were planned on the plot around the
building to support the toilet flushing system and the garden irrigation system.

Figure 5 shows the schematic diagram of the designed HVAC and photovoltaic systems
within the building.

Figure 5. Schematic diagram of the HVAC and photovoltaic installation in the designed building.

2.2. Research Methodology

Year-round energy demand analyses for various computational variants were carried
out using the IDA ICE 4.8 software [38]. This is an advanced software tool for conducting
energy simulations and thermal comfort analysis in buildings. It is used by designers,
engineers, and architects to assess the energy efficiency of buildings and ensure optimal
thermal comfort for occupants. The software allows for detailed building modelling, con-
sidering the geometric and material properties of the building as well as the parameters of
the HVAC system. With the ability to simulate various climatic conditions, IDA ICE enables
the evaluation of the impact of year-round climatic conditions on energy consumption and
occupants’ comfort in buildings.
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A geometric model of the designed building defining the construction of the building’s
envelope and elements, and orienting it according to the cardinal directions, was created in
the IDA ICE 4.8 software in line with the design assumptions. The building was located in
Katowice, Poland, for which climatic data from the ASHRAE database [39] were available.
Default values for thermal bridges were assumed. The minimum outdoor air exchange rate
was set to 0.5 L/h [35]. The numerical model included heat gains from occupants, electronic
equipment, and lighting. It was assumed that the building would house four people: two
adults and two children. For each zone (room), an occupancy schedule was set depending
on the room’s intended use. In bedrooms, occupants were assumed to be present during
nighttime hours (22:00–06:00), while in the daytime zones, higher occupancy was assumed
during the afternoon and evening hours (15:00–20:00), reflecting typical household routines
after returning home from work or school. A clothing insulation value of CLO = 0.5
and an activity level of MET = 1.0 were assumed, in accordance with [40]. The software
automatically adjusts the clothing of occupants within a range of ±0.25 CLO, depending
on internal environmental conditions. Lighting was assumed to consist of LED bulbs with
a power consumption of 3 W and luminous efficacy of 90 lm/W each (total of 81 W). The
number of bulbs in each zone was determined based on the size and intended use of the
room. Lighting schedules were aligned with individual room occupancy patterns. Electrical
appliances, such as laptops, televisions, and household electronics, were included, and their
power consumption was set for each zone based on the intended use and manufacturer
data (total of 5.3 kW). For each room, an equipment usage schedule was set according
to the time occupants spent in the building and used each device: in bedrooms, laptops
(3 × 40 W) were assumed to be in use from 16:00 to 23:00 daily; in a bathroom, a washing
machine (1450 W) operated three hours a week; in a living room and kitchen, a television
(175 W) operated from 18:00 to 21:00 daily, a coffee machine (200 W)—one hour per day, a
microwave (500 W)—two hours per week, a dishwasher (1450 W)—three hours per week,
an oven (1450 W)—three hours per week.

Domestic hot water consumption was set at 80 litres per person per day [41], and its
usage was scheduled. The total losses in the HVAC system were assumed to be 0.2 W/m2

of floor area with 50% of the lost heat penetrating into the rooms.
Year-round energy analyses were conducted to select the most energy-efficient venti-

lation system and thermal and electrical energy sources for the newly designed building,
through the optimisation of the non-renewable primary energy index. The analyses were
carried out in the following stages:

1. Analysis and selection of the mechanical ventilation system in the building—Constant
Air Volume (CAV) or Variable Air Volume (VAV).

2. Analysis and selection of the photovoltaic modules’ configuration depending on
location and exposure (southern and eastern roof surface and on the ground in the
southern direction), which determined the tilt angle and possible maximum area and
power of photovoltaic modules.

3. Analysis and selection of solar thermal collectors, considering two types (flat and
vacuum) and two orientations (south and east) of collectors.

4. Replacement of the air-source heat pump with a ground-source heat pump.

The first two stages of the research were carried out simultaneously, while the subse-
quent stages were based on the most energy-efficient solutions from earlier stages.

In the first two stages, six computational variants were defined, which are presented
in Table 2. These variants differed in the type of mechanical ventilation system (CAV or
VAV) as well as the exposure, location, and power of the photovoltaic installation. Variants
1 and 4 differed in the exposure of the photovoltaic installation, which was oriented to the
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east, unlike the other variants with southern exposure. Variants 2 and 3, as well as 5 and 6,
differed in the size of the photovoltaic installation. In the variants with a freestanding
ground-mounted structure, the surface area was larger compared to the rooftop-mounted
installation, which was limited by the roof’s surface area.

For variants 4–5, with the CAV ventilation system, the supply air volume flow rate was
set according to the intended use of each room, as specified in [42]. The total ventilation air
volume flow rate for the CAV system was 450 m3/h.

In variants 1–3, the mechanical ventilation system VAV was equipped with an automatic
ventilation flow rate control system using CO2 sensors to adjust the supply air volume flow
rate according to the number of occupants in each room. The diffuser efficiency was set to
50% of the required hygienic airflow for a given room when occupants were absent, and
100% of the ventilation airflow when their presence was detected, based on the increased
CO2 levels in the room. A minimum CO2 concentration of 400 ppm was assumed in the
absence of occupants, with a maximum CO2 concentration of 1000 ppm. The maximum
calculated ventilation air volume flow rate for the VAV system was 318 m3/h.

Table 2. Computational variants.

Variant Ventilation System
PV Modules Surface

Area, m2
Tilt Angle of PV

Modules, ◦
PV Modules
Exposure and

Location

PV Installation
Power, kWp

1 VAV 70 44 east, roof 6.6
2 VAV 40 55 south, roof 4.3
3 VAV 100 45 south, ground 10.7
4 CAV 70 44 east, roof 6.6
5 CAV 40 55 south, roof 4.3
6 CAV 100 45 south, ground 10.7

The three PV system variants analysed were selected to evaluate the impact of sur-
face area and tilt angle to reflect diverse architectural and spatial conditions, as well as
orientation and placement to address practical constraints and optimise energy yield based
on location-specific solar irradiance conditions. This approach was deliberately focused
on assessing how these parameters affect the annual energy-saving potential and primary
energy index of the building. The analysis aimed to establish a foundational understand-
ing of optimal PV module placement within the context of a holistic building energy
performance evaluation.

2.3. Methodology for Calculating the Non-Renewable Primary Energy Index Value

For all variants, the calculations of the non-renewable primary energy index value
were carried out in accordance with Equations (1)–(6), presented in [43].

EP = Qp/Af, kWh/m2/year (1)

where

Qp—year-round demand for non-renewable primary energy for technical systems,
kWh/year
Af—an area of rooms with regulated air temperature, m2

Qp = Qp,H + Qp,W + Qp,C + Qp,L, kWh/year (2)

where
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Qp,H—year-round demand for non-renewable primary z energy for the heating system,
kWh/year
Qp,W—year-round demand for non-renewable primary energy for the preparation of
domestic hot water, kWh/year
Qp,C—year-round demand for non-renewable primary energy for the cooling system,
kWh/year
Qp,L—year-round demand for non-renewable primary energy for the lighting installation,
kWh/year

Qp,H = Qf,H · wH + Eel,aux,H · wel, kWh/year (3)

Qp,W = Qf,W · wW + Eel,aux,W · wel, kWh/year (4)

Qp,C = Qf,C · wC + Eel,aux,C · wel, kWh/year (5)

Qp,L = Qf,L · wel, kWh/year (6)

where

Qf,H—year-round demand for final energy supplied to the building for the heating system,
kWh/year
Qf,W—year-round demand for final energy supplied to the building for preparation of
domestic hot water, kWh/year
Qf,C—year-round demand for final energy supplied to the building for the cooling system,
kWh/year
Qf,L—year-round demand for final energy supplied to the building for the lighting installa-
tion, kWh/year
wi—non-renewable primary energy input factor for production and delivery of [43]:

energy for the heating system (wH factor, for solar energy (energy from PV installation)
equal 0), -
energy for the preparation of domestic hot water (wW factor, for solar energy (energy from
PV installation) equal 0), -
energy for the cooling system (wC factor), -
electrical energy (wel factor, for system power grid equal 2.5), -

Eel,aux,H—year-round demand for auxiliary final energy supplied to the building for the
heating system, kWh/year
Eel,aux,W—year-round demand for auxiliary final energy supplied to the building for prepa-
ration of domestic hot water, kWh/year
Eel,aux,C—year-round demand for auxiliary final energy supplied to the building for the
cooling system, kWh/year

The values of year-round demand for final energy and auxiliary energy supplied to
the building for the heating system and preparation of domestic hot water were obtained
through simulations conducted using the IDA ICE 4.8 software. Based on these results, the
value of the non-renewable primary energy index was calculated.

Lighting installation calculations were excluded, as lighting requirements for single-
family houses are not addressed in the energy analysis for the EP index, in accordance
with [43].

3. Results and Discussion

To select the heating energy source for the designed building, heat gains and losses,
as well as the use of thermal energy in the building, were calculated using the IDA ICE

73



Energies 2025, 18, 449

4.8 software. Based on the results of the electrical energy usage calculations, a photo-
voltaic installation was chosen. Additionally, an analysis of the free energy gain from the
photovoltaic system and the air heat recovery unit was conducted for each variant. For
each calculation variant, the year-round non-renewable primary energy index values were
calculated. Based on these, the most energy-efficient variant was selected. Subsequently,
further possibilities for optimising the building’s energy performance were analysed.

3.1. Heat Balance of the Designed Building

To better understand the building’s energy performance, the analysis of the building’s
heat balance is essential. This approach helps assess how various factors influence the
overall heating and cooling requirements. Figure 6 presents the year-round distribution of
heat gains and losses for the analysed building for Variants 1–3 with the VAV ventilation
system. The total year-round heat losses in the building amounted to 18,504 kWh, while
the heat gains were 15,335 kWh. The heat balance includes heat losses through the external
building envelope and for heating the ventilation supply air, as well as heat gains from
electronic devices, lighting, and occupants. The year-round heat losses through the external
walls and thermal bridges were 13,139 kWh. The heat losses for heating the supply air
were 5352 kWh. Additionally, the balance accounted for heat losses in the HVAC system,
which amounted to 14 kWh. Heat gains from electronic devices were 2919 kWh, from
lighting 139 kWh, and from occupants 1954 kWh. Heat gains due to air infiltration were
also considered, amounting to 12 kWh. The heat balance also includes heat losses and gains
through windows due to radiation and penetration through the window frame. During the
winter period (November–January), heat losses through the windows were 400 kWh, while
during the summer and transitional periods (February–October), heat gains through the
windows were 10,688 kWh.

Figure 6. Year-round heat gains and losses in the building for Variants 1–3.

For Variants 4–6 with the CAV ventilation system, the heat losses for heating the
supply air were 33% higher compared to Variants 1–3, amounting to 7130 kWh.

The obtained results highlight the advantages of the energy-efficient design of the
building. Due to the significant glazing of the building’s envelope, particularly the southern
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external wall, especially in the living room and kitchen area, as well as the external walls in
the nighttime part of the building, where floor-to-ceiling windows were installed, the heat
gains from solar radiation were maximised, accounting for 70% of the total heat gains. As a
result, total heat gains balanced 83% of the building’s year-round heat losses. Furthermore,
the well-insulated building envelope contributed to stabilising the monthly heat losses
throughout the year, preventing an increase in heat losses during the winter period. At
the same time, the increase in the building’s thermal insulation increases the risk of over-
heating during the summer period, which is mitigated by higher energy consumption for
mechanical ventilation, aimed at maintaining the set indoor air temperature.

IDA ICE heat losses, presented in Figure 6, are calculated dynamically based on
detailed models of building components and systems. Heat loss through building envelopes
depends on the U-values of materials, surface areas, and the temperature difference between
indoor and outdoor environments. Thermal bridges are accounted for using linear and
point thermal transmittance coefficients. For windows, both glazing and frame properties,
as well as edge effects, are considered. Ventilation heat losses are determined by airflow
rates, temperature differences, and air properties, with adjustments for heat recovery if a
system is installed. These calculations adapt to hourly variations in weather and system
conditions, providing a comprehensive analysis of heat loss.

3.2. Thermal Energy Consumption in the Building

To further evaluate the energy performance of the building, it is essential to examine
how thermal energy is distributed across different operational needs throughout the year.
This analysis helps understand the contributions of various energy-consuming systems to
the building’s overall performance. Figure 7 shows the year-round distribution of thermal
energy consumption in Variants 1–3 for space heating, domestic hot water preparation,
and ventilation supply air heating. The total amount of heat delivered to the floor heating
system (considering losses associated with heat generation and distribution) amounted
to 3274 kWh. The total heat delivered to the heating coil in the HRV unit was 1022 kWh.
From May to October, no energy was required for heating. The total heat delivered to the
domestic hot water system was 6827 kWh per year, with an average of 569 kWh per month.
The distribution of heat used for domestic hot water heating remained constant throughout
the year due to the assumptions made regarding hot water usage.

Figure 7. Year-round thermal energy consumption in the analysed building for Variants 1–3.
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In Variants 4–6, the heat consumption for heating the supply air was 75% higher than
in Variants 1–3, amounting to 1784 kWh.

3.3. Electrical Energy Consumption in the Building

To fully evaluate the energy demand of the building, it is essential to consider the
electricity consumption associated with various systems and equipment. This includes
energy use for both essential services and auxiliary components. Figure 8 shows the
year-round electrical energy consumption for electronic equipment, lighting, heat pump
compressor, and auxiliary HVAC system energy (i.e., circulation pumps, fans in the HRV
unit) in Variants 1–3. The total energy consumption for electronic equipment was 1954 kWh,
for lighting 114 kWh, for the heat pump 2815 kWh, and for auxiliary energy 657 kWh. The
total year-round electricity demand for the building was 5540 kWh.

Figure 8. Year-round electrical energy consumption in the analysed building for Variants 1–3.

In Variants 4–6, the auxiliary electrical energy use in the HVAC system was 99% higher,
and the energy demand for the heat pump compressor was 9% higher than in Variants 1–3,
amounting to 1321 kWh and 3068 kWh, respectively. This was due to the higher ventilation
air volume flow rate, which the fan had to handle in the CAV system.

3.4. Generated Free Energy

The performance of the PV system is influenced by factors such as the orientation and
location of the PV modules. These factors are integral to determining the overall electrical
energy generation efficiency. Figure 9 presents the year-round distribution of the generated
electrical energy in the PV system, depending on the orientation and location of the PV
modules in the different computational variants. The largest amount of energy, amounting
to 10,797 kWh/year, was generated in Variants 3 and 6, in which the PV modules were
located on a free-standing structure on the ground and oriented towards the south. The
location of the PV modules on the ground, without the limitation of the roof area, allowed
for the largest surface area of the PV modules, which was 100 m2. In Variants 1 and 4, the PV
modules, with a surface area of 70 m2, were located on the eastern roof surface, generating
5881 kWh/year, which was 83% lower than in Variants 3 and 6. In Variants 2 and 5, the PV
modules, with a surface area of 40 m2, were located on the southern roof surface, generating
4247 kWh/year, which was 154% lower than in Variants 3 and 6. Analysing the monthly
distribution, it can be observed that there is a sharp decrease in the amount of energy
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generated during the winter months. For example, in Variant 1, in December, the energy
generated was more than seven times lower than in May. This is primarily due to the
significant shortening of the day, meaning less time for the PV modules to be exposed to
sunlight, and the lowest position of the sun above the horizon during this period.

The efficiency of heat recovery in ventilation systems significantly contributes to
reducing the overall energy consumption in the building. The process of heat recovery
from ventilated air is essential for optimising energy use, particularly in buildings with
mechanical ventilation systems. Table 3 presents the year-round distribution of recovered
energy in the building through the heat recovery process of ventilated air. This value
depended on the ventilation air volume flow rates in the VAV and CAV systems in the
respective variants. In Variants 4–6, equipped with the CAV system, 63% more energy was
recovered compared to Variants 1–3 with the VAV system. This difference resulted from a
42% higher ventilation air volume flow rate in the CAV system variants compared to the
maximum value in the VAV system variants. In the summer, the ground heat exchanger
was utilised to cool the ventilation supply air, ensuring thermal comfort in the building
without the use of air conditioning.

Figure 9. Year-round generated electrical energy depending on the orientation and location of the
PV modules.

Table 3. Recovered free energy in the building through the heat recovery process of ventilated air.

Month VAV (Variants 1–3), kWh CAV (Variants 4–6), kWh

1 1263 2062
2 1160 1882
3 1232 2003
4 817 1323
5 496 809
6 350 576
7 259 425
8 276 453
9 550 893

10 764 1215
11 1154 1873
12 1248 2043

Total 9568 15,558
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3.5. Analysis of the Non-Renawable Primary Energy Index

The analysis of the non-renewable primary energy (EP) index value is essential for
evaluating the environmental impact of a building’s energy consumption. This index
reflects the amount of non-renewable energy needed to operate the building’s systems and
provides a benchmark for comparing different energy strategies.

Table 4 presents the following for each computational variant:

• The values of electrical energy demand for powering the building’s technical systems,
i.e., lighting, heating, and domestic hot water system (operation of the heat pump
compressor) as well as auxiliary energy for the HVAC system (operation of HRV fans
and circulation pumps).

• The amount of electrical energy supplied to the technical systems by the photovoltaic
installation (assuming a self-consumption rate of 40%) and the amount of electrical
energy supplied by the power grid.

• The values of the year-round non-renewable primary energy index value.

Table 4. Primary energy index values for Variants 1–6.

Variant

Technical System Energy from the PV
Installation,
kWh/Year

Energy from the
System Power Grid,

kWh/Year

Primary Energy
Index,

kWh/m2/Year
Lighting,
kWh/Year

HVAC Aux,
kWh/Year

Heat Pump,
kWh/Year

1 114 657 2815 2352 1234 16
2 114 657 2815 1699 1887 25
3 114 657 2815 4319 0 0
4 114 1321 3068 2352 2151 28
5 114 1321 3068 1699 2804 37
6 114 1321 3068 4319 0 0

Variants 1 and 2, equipped with the VAV ventilation system, exhibited lower pri-
mary energy index values (16 kWh/m2/year and 25 kWh/m2/year, respectively) com-
pared to the corresponding Variants 4 and 5 with the CAV system (28 kWh/m2/year
and 37 kWh/m2/year, respectively). This difference was attributed to higher electricity
consumption for the powering and auxiliary energy of the HVAC system in the CAV
variants, caused by the larger volume flow rate of the ventilation air. Variants 3 and 6
demonstrated the lowest primary energy index value, equal to 0 kWh/m2/year. This
was due to the largest photovoltaic module surface area installed on a ground-mounted
structure. The absence of space constraints, as opposed to roof-mounted systems in other
variants, allowed for the highest electricity production in these cases. All computational
variants met the criterion of the maximum value of the non-renewable primary energy
index for single-family buildings, which must not exceed 70 kWh/m2/year [18].

Based on the results of the analyses conducted, it was determined that the most ad-
vantageous solution in terms of the EP index value for the designed building is the appli-
cation of the VAV ventilation system. Regarding the photovoltaic installation on the roof, a
south-facing orientation is the most favourable. In the analysed building, the unit value of
electricity generated by the PV installation mounted on the south-facing roof surface was
42 kWh/m2/year, compared to 34 kWh/m2/year for the east-facing roof surface. However,
due to the east-facing roof surface being 30 m2 larger, allowing for more PV modules to
be installed, mounting the modules on the east-facing surface is the more advantageous
solution for this building. The most favourable option for PV installation among all variants
is its placement on the ground. With a PV module area of 100 m2, the building required no
electricity from the grid, thus achieving a zero-energy building status. However, this option
demands a significant plot area, potentially limiting its feasibility for many single-family
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homes, especially considering the space required for a horizontal ground heat exchanger
installation. Additionally, such a solution may increase investment costs due to factors
such as the need for foundation construction, while the modules themselves may be more
susceptible to damage. For these reasons, it was decided to examine how the EP index value
could be reduced in Variants 1 and 2 with the VAV ventilation system, in which PV modules
were mounted on the roof, to achieve a building performance as close as possible to that of a
zero-energy building—one of the criteria of the 4E Idea.

3.6. Optimalisation of the Non-Renewable Primary Energy Index

To further enhance the building’s energy performance, two variants of solar thermal
collector installations—flat-plate and vacuum—were analysed. They were mounted on the
southern and eastern roof surfaces, depending on the location of the PV modules in Variants
1 and 2. Subsequently, for the selected solar thermal installation variant characterised by
the highest energy efficiency, an analysis of the use of a ground-source heat pump instead
of an air-source heat pump was conducted.

The selection of solar thermal collectors was carried out using the T*SOL 2023 software [44]
based on the year-round demand for domestic hot water calculated in the IDA ICE 4.8 software.
The following calculation variants were established as a result of this selection:

• Variant 1.1: HVAC and PV installation from Variant 1 + two flat-plate solar thermal
collectors mounted on the southern roof surface. Parameters of a single thermal
collector: aperture area of 2.33 m2, efficiency of 78%, linear heat loss coefficient of
4.14 W/m2·K, and square heat loss coefficient of 0.0145 W/m2·K.

• Variant 1.2: HVAC and PV installation from Variant 1 + two vacuum solar thermal
collectors mounted on the southern roof surface. Parameters of a single thermal
collector: aperture area of 1.6 m2, efficiency of 77%, linear heat loss coefficient of
1.256 W/m2·K, and square heat loss coefficient of 0.005 W/m2·K.

• Variant 2.1: HVAC and PV installation from Variant 2 + two flat-plate solar thermal
collectors mounted on the eastern roof surface, with parameters as in Variant 1.1.

• Variant 2.2: HVAC and PV installation from Variant 2 + two vacuum solar thermal
collectors mounted on the eastern roof surface, with parameters as in Variant 1.2.

Flat-plate and vacuum solar thermal collectors were selected to reflect the two widely
used collector technologies, which differ in efficiency and suitability under varying climatic
conditions. The location of PV modules and solar thermal collectors was varied to assess
the influence of orientation and roof geometry on energy yield. This accounts for real-
world scenarios where building constraints or aesthetic considerations might dictate the
placement of these systems.

Figure 10 shows the arrangement of solar thermal collectors and PV modules in
Variants 1.1, 1.2, 2.1, and 2.2.

To assess the performance of the solar thermal collectors, the amount of solar radiation
energy absorbed is an important factor. These data allow for a comparison of the energy
contributions from solar thermal systems across different design variants. Figure 11 presents
the amount of solar radiation energy absorbed by the solar thermal collectors in Variants 1.1–2.2.
Over a year, the highest amount of solar energy was absorbed by vacuum tube solar thermal
collectors oriented southwards (Variant 1.2), amounting to 2908 kWh/year. The second-highest
value was absorbed by vacuum tube solar thermal collectors oriented eastwards (Variant 2.2)
at 2090 kWh/year. Flat-plate solar thermal collectors exhibited lower levels of absorbed solar
energy. For flat-plate collectors oriented southwards (Variant 1.1), the absorbed energy was
1668 kWh/year, while those oriented eastwards (Variant 2.1) absorbed 1077 kWh/year. Thus,
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it can be concluded that vacuum tube solar thermal collectors with southern exposure were
more efficient in terms of absorbed solar energy.

(a) (b)

Figure 10. The arrangement of solar thermal collectors and photovoltaic panels in Variants:
(a) 1.1 and 1.2, (b) 2.1 and 2.2.

Figure 11. Solar radiation energy absorbed by solar thermal collectors in Variants 1.1–2.2.

Analysing the year-round distribution of solar energy gained by the solar thermal
collectors reveals that vacuum tube solar collectors were particularly more effective than
flat-plate solar collectors during winter months when the angle of solar radiation is the
lowest. For instance, in January, the solar energy yield of the vacuum tube solar system in
Variant 1.2 was 161% higher than that of the flat-plate solar system in Variant 1.1. During
the summer, this difference decreased but remained significant; for example, in July, the
yield of vacuum tube solar collectors (Variant 1.2) was 40% higher compared to flat-plate
solar collectors (Variant 1.1).

The distribution of power consumption by the heat pump compressor is a crucial
aspect in evaluating the overall energy efficiency of the building. The comparison between
variants with and without solar thermal collectors highlights the impact of renewable en-
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ergy integration on the system’s performance. Figure 12 shows the heat pump compressor
power distribution in Variant 1, without solar thermal collectors, and Variants 1.1 and 1.2,
equipped with flat-plate and vacuum-tube solar thermal collectors, respectively. It can be
observed that the greatest reduction in the operational load of the heat pump compressor
due to the solar thermal installation occurred between early May and late September. This
resulted from the fact that during this period the system worked mainly for domestic
hot water preparation. For part of this period, on days with high solar energy gains, the
heat pump did not need to operate at all. Vacuum-tube solar collectors contributed to a
greater reduction in heat pump operation compared to flat-plate solar collectors. During
the remaining part of the year, when the heat pump also operated for heating purposes, the
reduction in compressor load due to the solar thermal installation was minimal. However,
it is notable that even during the winter months, solar collectors occasionally reduced the
workload of the heat pump compressor, depending on the prevailing weather conditions.
The figure also highlights that the selected heat pump was equipped with an inverter
compressor. This type of compressor operates by adapting its power and speed to varying
conditions and individual user needs.

Figure 12. Year-round distribution of heat pump compressor power in Variants 1.1–1.2.

The integration of renewable energy systems, such as solar thermal collectors, can
significantly affect the performance and efficiency of heating installations. Combining
various technologies, such as heat pumps and solar systems, can considerably reduce
overall energy consumption. Table 5 presents the impact of retrofitting the heat pump
installation with a solar thermal system. The installation of solar collectors on the south-
ern roof surface resulted in a reduction in energy consumption by the heat pump by
497 kWh/year for flat-plate solar collectors (Variant 1.1) and 680 kWh/year for vacuum
solar collectors (Variant 1.2). In the case of solar collectors installed on the eastern roof
surface, the energy consumption by the heat pump was reduced by 233 kWh/year for
flat-plate solar collectors (Variant 2.1) and by 399 kWh/year for vacuum solar collectors
(Variant 2.2). Thus, the installation of south-facing solar collectors resulted in a greater
reduction in the heat pump compressor power, by 113% for flat-plate solar collectors and
70% for vacuum solar collectors, compared to the east-facing variants. At the same time,
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energy consumption by auxiliary devices increased due to the addition of a circulation
pump. The most advantageous variants in terms of optimising the primary energy index
were the installation of south-facing vacuum and flat-plate solar collectors, with EP index
values of 8 kWh/m2/year (Variant 1.2) and 10 kWh/m2/year (Variant 1.1), respectively.
Retrofitting Variant 2 with solar collectors resulted in a smaller reduction in the EP value
compared to the variant without solar collectors than in the case of retrofitting Variant
1. Therefore, although Variant 2 exhibited a higher EP index value, the most favourable
variant from this group, Variant 2.2, was characterised by an EP index value that was higher
by 12 kWh/m2/year than the corresponding Variant 1.2.

In the final stage of the analysis of the possibility of optimising the EP index value for
the analysed building, an analysis was carried out regarding the use of a ground-source
heat pump instead of an air-source heat pump. A ground-source heat pump with a heating
capacity of 6 kW and a COP of 5.5 was selected. The thermal efficiency of the ground
was assumed to be 20 W/m2, in accordance with the guidelines [45], which recommend
adopting this value when the parameters of the ground are unknown. It was assumed
that the horizontal ground heat exchanger would be placed at a depth of 1.5 m. At this
depth, the ground temperature is at least 6 ◦C [45] and, according to it the COP value for
the ground-source heat pump, this was determined based on the manufacturer’s data. The
surface area of the ground heat exchanger was calculated according to the guidelines [45]
and was 241 m2. The ground temperature was assumed to be constant throughout the
year, set at 8 ◦C. Propylene glycol was selected as the heat carrier fluid in the ground heat
exchanger installation. The energy analysis was carried out based on Variant 1.2, which
had the lowest EP index value.

Table 5. The primary energy index values for Variants 1-2.2.

Variant

Technical System Energy from the PV
Installation,
kWh/Year

Energy from the
System Power Grid,

kWh/Year

Primary Energy
Index,

kWh/m2/Year
Lighting,
kWh/Year

HVAC Aux,
kWh/Year

Heat Pump,
kWh/Year

1 114 657 2815 2352 1234 16
1.1 114 708 2318 2352 788 10
1.2 114 708 2135 2352 605 8
2 114 657 2815 1699 1887 25

2.1 114 708 2582 1699 1705 22
2.2 114 708 2416 1699 1539 20

Table 6 presents the impact of replacing the air-source heat pump (Variant 1.2) with
the ground-source heat pump (Variant 7). The energy consumption by the compressor
decreased by 458 kWh/year as a result of using a device with a higher COP value and
adopting a constant ground temperature, as opposed to a variable outdoor air temperature
throughout the year. As a result, the use of the ground-source heat pump led to a reduction
in the EP index value by 6 kWh/m2/year compared to the variant with the air-source heat
pump. Ultimately, the designed building, with a VAV ventilation system with heat recovery,
an on-grid photovoltaic installation, vacuum solar thermal collectors, and a ground-source
heat pump, was characterised by an EP index value of 2 kWh/m2/year. If an off-grid
photovoltaic system with an energy storage battery had been used in the building, it
could be assumed that the designed building would have achieved a zero-energy building
characteristic, as the self-consumption of electricity would have been nearly 100%, as
opposed to the 40% in the analysed variant.
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Table 6. The primary energy index values for Variants 1.2 and 7.

Variant
Technical System Energy from the PV

Installation,
kWh/Year

Energy from the
System Power Grid,

kWh/Year

Primary Energy
Index,

kWh/m2/Year
Lighting,
kWh/Year

HVAC Aux,
kWh/Year

Heat Pump,
kWh/Year

1.2 114 708 2135 2352 605 8
7 114 740 1645 2352 147 2

4. Conclusions

The paper presents the concept of a newly designed single-family building based on
the 4E Idea, which assumes that the building should be energy-efficient, ecological, econom-
ical, and incorporate ergonomic design solutions. The energy efficiency criterion stipulates
that the building should generate zero energy consumption or a positive year-round energy
balance. The aim of the paper was to conduct multi-variant energy simulations of the
proposed building, the results of which were intended to enable the selection of an HVAC
system and a renewable energy sources concept that would ensure that the building’s
energy performance is as close as possible to a zero-energy building. It was analysed how
the following factors influenced the reduction in the non-renewable primary energy index
value: the type of mechanical ventilation system (CAV and VAV); the orientation and power
of the photovoltaic installation; the exposure and type of solar thermal collectors (flat-plate
and vacuum); and the type of heat pump (air and ground source). Based on the obtained
results, the following conclusions were drawn:

• The architectural and structural concept of the building enabled the maximisation of
heat gains and the reduction in heat losses through the external building envelope.
Due to the significant glazing of the building envelope, the solar heat gains accounted
for 70% of the total heat gains. As a result, the total heat gains covered 83% of the
building’s year-round heat losses. Furthermore, the well-insulated building envelope
contributed to stabilising the monthly heat losses throughout the entire year.

• The analysis of the type of supply-and-exhaust mechanical ventilation with heat
recovery showed that the VAV system is more energy-efficient than the CAV system.
The variant in which an air-source heat pump and a VAV ventilation system were
applied exhibited half the energy consumption compared to the corresponding variant
with a CAV system (657 kWh/year for the VAV system and 1321 kWh/year for the
CAV system). This difference resulted from the reduced ventilation air volume flow
rate, as the VAV system adjusted the air supply to the current CO2 concentration levels
in the rooms. Consequently, the heat pump compressor consumed 253 kWh/year less
energy, as it was required to supply less heat to warm the ventilation air.

• The analysis of the photovoltaic modules’ location showed that a southern exposure is
generally the most favourable for solar installations. The specific energy yield of the
PV modules installed on the southern roof surface was 42 kWh/m2/year, compared
to 34 kWh/m2/year for the eastern roof surface. However, due to the eastern roof’s
30 m2 larger surface area, which allowed for the installation of more PV modules,
installing the modules on this surface proved to be the more advantageous solution
for the analysed building. The variant featuring a VAV ventilation system, an air-
source heat pump, and PV modules installed on the eastern roof surface (with a total
module area of 70 m2 and a capacity of 6.6 kWp) was characterised by an EP index
value of 16 kWh/m2/year. In contrast, the southern roof surface installation (with
a total module area of 40 m2 and a capacity of 4.3 kWp) had an EP index value of
25 kWh/m2/year. In the case of the variant in which the PV modules were installed on
a ground-mounted structure with a southern orientation and a surface area of 100 m2,
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the building achieved zero energy characteristics. However, this solution requires a
significant plot area, involves higher investment costs, and presents a greater risk of
damage, making it less suitable for widespread implementation.

• The analysis of the location and type of solar thermal collectors showed that the most
favourable variant for optimising the PE index value was the installation of vacuum
tube solar collectors on the southern roof surface. This configuration resulted in an EP
index value of 8 kWh/m2/year, and thus a two-fold reduction in the EP index value
compared to the variant without solar thermal collectors. The installation of solar
thermal collectors alleviated the workload of the heat pump compressor for domestic
hot water preparation and contributed to a reduction in the heat pump compressor’s
electricity consumption by 629 kWh/year. This shows that under variable climatic
conditions, vacuum tube solar thermal collectors exhibit higher efficiency compared
to flat-plate solar thermal collectors.

• The analysis of the type of heat pump used indicated that the variant incorporating
a ground-source heat pump with a horizontal ground heat exchanger demonstrated
superior efficiency. This variant was characterised by a four-fold reduction in the EP
index value compared to the variant with an air-source heat pump. This resulted
from the higher COP value of the ground-source heat pump, which was constant
throughout the year due to the stable ground temperature, in contrast to the fluctu-
ating temperature of atmospheric air. Additionally, the installation of solar thermal
collectors contributed to reducing the heat pump’s workload and improving ground
regeneration, particularly during the summer months.

• For the analysed building equipped with a VAV mechanical ventilation system with
heat recovery, an on-grid photovoltaic installation, vacuum solar thermal collectors,
and a ground-source heat pump with a horizontal heat exchanger, a primary energy
index value of 2 kWh/m2/year was achieved. The self-consumption of the generated
electrical energy in the building was assumed to be 40%. It can be expected that
implementing an off-grid photovoltaic system could result in achieving a zero-energy
building characteristic.

The study has several limitations that should be noted. The simulations were con-
ducted for a specific single-story building with particular construction characteristics,
which may limit the generalizability of the results. Fixed parameters for occupant be-
haviour, such as device usage schedules and comfort temperatures, were assumed, which
do not fully reflect variability in real-world scenarios. Additionally, local climatic con-
ditions were used, which may not account for future climate changes, such as shorter
periods of low temperatures. The analysis also excluded economic factors due to the
dynamic nature of energy prices and equipment costs, which are influenced by social and
political factors. Despite these limitations, the findings provide a valuable starting point
for further research and analysis. As a result of the conducted analysis, a concept for an
energy-efficient building was developed, which, in terms of architectural and construction
design, as well as the configuration of the HVAC system and renewable energy sources
installation, can serve as a starting point for future energy-efficient single-family building
designs. Further research should be carried out for the variant incorporating electric energy
storage to achieve further optimisation of the PE index value.
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86



Energies 2025, 18, 449

(Dz.U. 2023 Poz. 697). Available online: https://isap.sejm.gov.pl/isap.nsf/DocDetails.xsp?id=WDU20230000697 (accessed on
10 December 2024).

44. T*SOL Online | Free Solar Thermal Calculator. Available online: https://online.tsol.de/en (accessed on 9 December 2024).
45. Polska Organizacja Rozwoju Technologii Pomp Ciepła. Wytyczne Projektowania, Wykonania i Odbioru Instalacji z Pompami Ciepła;
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Abstract: Heating systems in a building’s mechanical infrastructure account for a
significant share of global building energy consumption, underscoring the need for
improved efficiency. This study evaluates 31 predictive models—including neural
networks, gradient boosting (XGBoost), bagging, and multiple linear regression (MLR)
as a baseline—to estimate heating-coil performance. Experiments were conducted on a
water-based air-handling unit (AHU), and the dataset was cleaned to eliminate illogical
and missing values before training and validation. Among the evaluated models, neural
networks, gradient boosting, and bagging demonstrated superior accuracy across various
error metrics. Bagging offered the best balance between outlier robustness and pattern
recognition, while neural networks showed strong capability in capturing complex
relationships. An input-importance analysis further identified key variables influencing
model predictions. Future work should focus on refining these modeling techniques
and expanding their application to other HVAC components to improve adaptability
and efficiency.

Keywords: HVAC systems; machine learning; neural network; gradient boosting;
bagging; XGBoost

1. Introduction

1.1. Issue at Large

Building occupants require a thermally comfortable environment to perform daily
tasks efficiently and enhance overall productivity [1–3]. To achieve this, various HVAC
systems are designed to regulate indoor temperatures based on occupant needs and external
conditions. However, the energy consumption of these systems has significantly increased
operational costs, making efficiency a critical concern [4].

Improving overall HVAC system efficiency requires a thorough evaluation of actual
equipment performance under real-world operating conditions. A critical component of
HVAC systems is the air handling unit (AHU), which conditions and distributes supply
air through heating and cooling processes. The AHU consists of several key components,
including heating and cooling coils, fans, air filters, and dampers, all of which contribute
to indoor air quality and thermal comfort. The air filter removes particulates from the
incoming air before conditioning, while the fan ensures proper air distribution through
the ductwork. Figure 1 illustrates a typical AHU configuration with its major components.
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The heating coil is supplied with hot water from a gas-fired or electric boiler, whereas the
cooling coil is connected to a chiller, cooling tower, or an air-source system, depending
on the building’s design and climate conditions. These components play a crucial role in
regulating indoor temperature and occupant comfort [5,6].

Figure 1. Typical AHU and major components.

According to the U.S. Energy Information Administration (EIA), space heating ac-
counts for the largest single energy end-use in commercial buildings, representing approxi-
mately 32% of total building energy consumption in the United States [7]. This high energy
demand translates to substantial operational costs, particularly in colder climates, where
heating loads are more significant. Additionally, the majority of heating energy is supplied
by natural gas, a primary contributor to global CO2 emissions, highlighting the urgent
need for energy-efficient heating solutions [8].

Heating coil plays a vital role in satisfying building’s heating load by transferring
thermal energy from the hot water loop to the supply air. This process occurs as air is forced
over the coil and distributed into occupied spaces, ensuring thermal comfort. The coil’s
heat transfer characteristics significantly impact on the overall performance and efficiency
of the HVAC system. Therefore, developing reliable and accurate energy models to predict
heating coil performance is essential. Such models not only enhance system performance
evaluation but also serve as a critical tool for optimization applications, improving energy
efficiency and reducing operational costs [9].

1.2. Industry Trends

Modern HVAC research and industry trends emphasize decarbonization, electrifica-
tion, and AI-driven optimization, increasing the demand for accurate heating coil models.
The transition from fossil fuel-based heating systems to electric heat pumps and district
heating networks necessitates precise performance modeling of heating components to
maximize energy efficiency and minimize operational costs [10–13]. Furthermore, AI-
driven optimization and digital twin technologies are being increasingly utilized to predict
HVAC performance in real time, allowing for adaptive control strategies and improved
fault detection [13–15]. Additionally, stringent energy codes such as ASHRAE 90.1 (Ameri-
can Society of Heating Refrigeration and Air-Conditioning Engineers) [16], international
energy conversation codes [17], and global carbon reduction policies [18], are driving the
need for more energy-efficient heating solutions, reinforcing the importance of accurate
heating coil models. Current research has yet to establish a consistently reliable method for
predicting HVAC system performance functions, in a way that directly enhances overall
system efficiency. Developing new models will increase the likelihood of finding an optimal
model to improve overall system efficiency.
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2. Adoption of Data-Based Models to Predict Heating Coil Performance

2.1. Performance Prediction of the Heating Coil

Despite the growing emphasis on HVAC efficiency, a review of past literature reveals
that limited attention has been given to accurately predict heating coil performance us-
ing laboratory tested or real-world data. Early research by Barney and Florez focused
on temperature prediction models for heating system control [19]. Asamoah and Shittu
explored methods to predict heating and cooling loads in residential buildings using build-
ing energy models [20]. More recently, researchers have explored AI-based optimization
for HVAC system operations [21] and machine learning techniques for air conditioning
load prediction [22]. Although advanced data analysis methods such as deep learning
for indoor temperature prediction [23], AI-assisted HVAC controls [24], thermal comfort,
and energy efficiency improvements [25] are gaining traction, much of this work relies on
simulation-based data rather than actual equipment-tested data [26].

One of the key challenges in accurately modeling heating coil performance is the lack
of experimental datasets. Most research has focused on cooling coil loads [27–29], damper
controls [30], thermal comfort improvements [31], fault detection [15,32], HVAC control
optimization [33], and broader energy efficiency measures [34], etc. However, heating loads
are just as critical, yet research on heating coil performance remains limited due to data
scarcity. The absence of comprehensive experimental datasets restricts the generalizability
of data-driven models, making it difficult to develop reliable performance predictions [35].
Additionally, the thermal response of heating coils is highly dependent on airflow rates,
water temperature fluctuations, and environmental conditions, which further complicates
the development of static models capable of capturing actual performance [36].

Given the significant role of heating coils in building energy consumption, developing
accurate and adaptable models is crucial for optimizing HVAC system efficiency. The key
motivation for developing accurate heating coil performance models lies in their practical
applications. Such models can enhance performance prediction under varying operating
conditions, optimize energy efficiency to reduce operational costs, detect HVAC system
faults to prevent failures, and provide real-time feedback when integrated with building
automation systems (BAS). This, in turn, enables adaptive control strategies that improve
overall system reliability and efficiency [16,37].

In the context of developing advanced data analysis models, it is essential to examine
the data analysis methods commonly used in the industry. Understanding these established
techniques provides a foundation for selecting and refining models that best suit the
specific application.

2.2. Multiple Linear Regression Models (MLR)

Multiple linear regression (MLR) is the most straightforward and widely used method
for predictive modelling, particularly suited for datasets with simple relationships [38].
MLR operates by formulating a simple equation that predicts a single output based on
multiple input variables. By adjusting one input while holding the rest constant, the model
estimates the impact of each variable on the output. The coefficients in the equation quantify
these effects, with larger coefficients indicating a stronger influence on the predicted
outcome. MLR remains interpretable and computationally efficient, making it a practical
choice to prepare straightforward models for various applications. The following equation
shows the general format of MLR.

y = x1b1 + x2b2 + . . . + xnbn (1)
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Here, y is the dependent variable; a is the output intercept; b1, b2, . . . bn are the coeffi-
cients; and x1, x2, . . . xn are independent variables also known as the known parameters.

The primary limitation of MLR arises from the assumptions it imposes on data. It
assumes a linear relationship between variables, independence among inputs and normally
distributed errors with constant variances [39,40]. If these conditions are met, MLR offers
a simple yet effective model for accurate predictions. However, if these assumptions are
violated, model predictions become unreliable, potentially leading to significant errors
in analysis [41].

2.3. Neural Networks

Neural networks are a powerful method for simulating decision-making processes
based on data inputs. They work particularly well, compared to other models, at recogniz-
ing complex patterns with multiple inputs and outputs. Neural networks often outperform
simpler models that struggle to capture such relationships [42].

At its core, neural networks consist of multiple layers of interconnected nodes, that
process and transmit information. These layers contain a predefined number of nodes,
where each node represents a specific aspect of the data. These nodes perform computations
based on an associated equation that applies weights to the inputs received from the
previous layer. Structurally, this computation may resemble an MLR equation. However,
in this case, the intercept is replaced by a bias term, which adjusts the activation threshold
and coefficients, function as weights that regulate the influence of preceding node outputs,
and the independent variables correspond to the values received from the previous layer.

Each node processes its inputs using an activation function, such as the hyperbolic
tangent or sigmoid function, which determines how the output passes through to the
subsequent nodes. These functions generate a value that controls the significance of a
node’s contribution to the next layer. Figure 2 visualizes a selection of these activation
functions, although there are many more variations exist, each with distinct properties
suited for different modeling applications. A specific one to look at is the rectified linear
unit or ReLU function, max(0, x), which gives a value of 0 to negative numbers and returns
the exact same input for positive numbers.

Figure 2. Common activation functions in neural networks.

Nodes in the subsequent layer interpret the activation function’s output value to
determine the appropriate weight to assign on each node, or whether to consider it at all.
The activation threshold is inversely related to the node’s importance; a lower activation
threshold increases the node’s influence [43].
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Neural networks refine their predictive capabilities by iteratively processing data and
adjusting the weight of connections between nodes. This improvement occurs through a
training process known as backpropagation, which propagates errors backwards from the
output layer to the input layer. By analyzing the difference between predicted and actual
values, backpropagation adjusts the connection weights to minimize the loss function,
which quantifies prediction errors. A high loss value indicates significant deviation from
the true value. The optimization process known as gradient descent iteratively adjusts
the network parameters to move toward the closest minimum point of the loss function.
Figure 3 shows how the calculated loss decreases over successive iterations, demonstrating
the network’s improving accuracy [44].

Figure 3. Neural network loss function over iterations.

During backpropagation, the network adjusts the weights of individual nodes based on
predefined parameters. These parameters include bias calculations, learning rate, network
architecture, iteration count, etc., contributing to the adaptability of neural networks [45].
Different network architectures such as right triangle (Figure 4a), left triangle (Figure 4b),
diamond (Figure 4c), and block structures (Figure 4d) can significantly impact model
performance. Architecture also relates to the number of nodes and layers, which influence
the model’s capacity to learn complex patterns in data.

(a) Right triangle (b) Left triangle

(c) Diamond (d) Block

Figure 4. Common neural network architectural shapes.
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Increasing the number of nodes and layers enhances the network’s ability to capture
intricate relationships but also raises the risk of overfitting, where the model memorizes
training data instead of learning generalizable patterns. Overfit models perform excep-
tionally well on training data but fail to generalize unseen data. On the other hand, an
insufficient number of nodes or layers may lead to underfitting, where the model over-
simplifies patterns, reducing accuracy. Striking a balance between model complexity and
generalization is crucial in neural network optimization, as it is across all machine learning
paradigms. Given the vast number of possible configurations, optimizing a neural net-
work often requires a combination of trial-and-error testing and advanced mathematical
techniques [46]. By leveraging dynamic parameters and optimization techniques, neural
networks provide a flexible and effective approach to pattern recognition, making them an
essential tool in modern machine learning applications.

2.4. Bootstrap Aggregation (Bagging)

Bootstrap aggregation, also known as bagging, is a data modeling method that en-
hances predictive accuracy by training multiple models on randomly selected subsets of
the data [47]. Bagging usually employs one of the following model types: decision trees,
regressors, or classifiers. Individual instances of the selected models are trained on distinct
subsets of the data. The aggregation of these models uses what is known as an ensemble
technique. The ensemble ensures the final aggregated model is a proper accumulation of
the individual models developed. Choice of the ensemble method must align with the base
models used to ensure effective aggregation. Figure 5 highlights the process.

Figure 5. Schematic of the bagging process.

Generally, all models in the ensemble are typically assigned equal weight regardless
of their individual performance. Consequently, bagging relies on the “wisdom of the
crowd,” a belief that while any single model may not perfectly represent the entire dataset,
combining multiple models leads to a more accurate and reliable prediction.

The performance of the model depends significantly on the number of models ana-
lyzed, which is directly correlated to the number of subsets. A larger number of subsets
helps mitigate the influence of outliers but may narrow the data analysis of the models,
increasing the risk of overfitting. A relatively lower number of subsets will generalize the
data more but will be influenced by outliers. Consequently, the tuning of the sample size is
essential to finding the optimal number of models [48].

2.5. Gradient Boosting

Gradient boosting is another ensemble technique that improves predictive models
through an iterative process whereby each model is trained independently to correct the
errors of its predecessors [49]. Typically, decision trees are used as the base models, and
each new model is added to the ensemble to enhance overall performance. The process is
shown in Figure 6 below.
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Figure 6. Schematic of the gradient boosting process (color changes indicates updates at each stage).

The first model developed is relatively simple, and each subsequent iteration refines it
by focusing on residual errors to identify unrecognized patterns that the previous model
failed to capture. Each addition to the ensemble is analyzed using a loss function, which
determines the best adjustments needed to minimize prediction errors. This optimization
process, known as gradient descent, aims to reduce the loss function. A loss function
analyzes residual errors by comparing predicted and actual values, using techniques such
as mean squared error to quantify discrepancies. Figure 7 shows a gradient descent path
with two possible adjustment directions, labeled as x and y. While real-world models
involve many possible adjustments, this figure conceptually represents how the algorithm
identifies optimal modifications to reach a local minimum [50].

Figure 7. Gradient descent on a 3D loss surface.

Each model in the ensemble finds its local minimum, and models with lower loss val-
ues are weighted more heavily, as they contribute more reliable predictions. This weighting
is necessary because early models in the process tend to overgeneralize the data. Moreover,
as the ensemble evolves, attempts to correct errors may lead to overfitting. By prioritizing
models that minimize loss effectively, gradient boosting ensures that only the most accu-
rate models contribute significantly to the final prediction [51]. While the fundamental
principles of gradient boosting remain consistent, different adaptations prioritize various
aspects, such as handling missing data or improving computational efficiency. There-
fore, testing and fine-tuning different gradient-boosting variants are essential to achieve
optimal performance.

2.6. Application of Advanced Data Analysis on Heating Coil Performance Prediction

This research aims to apply machine learning models, such as bagging, neural net-
works, and gradient boosting, to predict heating coil performance in building mechanical
systems—specifically, to develop models that estimate supply air temperature based on
the heating coil’s operation. Model selection is based on two key criteria: error analysis
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and model functionality. A chosen model must demonstrate acceptable predictive accuracy
during both training and testing phases, with error thresholds determined by comparing
the performance of all tested models. Since multiple models may meet these thresholds, it
is also crucial to assess their underlying mechanisms and strengths.

In practical applications, dynamic models that effectively handle errors are essential.
Given that HVAC systems operate with continuously changing data and require real-time
decision-making, models must be capable of making logical adjustments based on all
available information.

3. Methodology

3.1. Overview of the Methodology

Figure 8 illustrates the overall workflow followed in this research. The process began
with equipment testing to ensure compliance with basic standards and data accuracy. Once
verified, data were collected in a large spreadsheet and cleaned to remove inconsistencies.
The cleaned dataset was then formatted for implementation in the developed code. Next,
various libraries, including matplotlib to create the figures, were utilized to train multiple
machine learning models, which were evaluated based on their error metrics and predictive
performance. Finally, the analysis focused on how these models could be applied in real-
world scenarios. The figure also highlights key libraries and tools used at each stage of
the process.

Figure 8. Overall workflow of the research.

3.2. Laboratory Testing and Data Collection
3.2.1. Overview of the Testing Facility

The experimental testing was conducted at the Building Energy Assessments, So-
lutions, and Technologies (BEAST) Laboratory (Figure 9a), located at the University of
Cincinnati’s Victory Parkway campus. This facility is equipped with various HVAC sys-
tems, including variable refrigerant flow systems, water-based air handling units, and
direct expansion units connected to an electric heater and an air-cooled chiller. Additionally,
the lab features three well-insulated and controlled spaces (Figure 9b) designed to simulate
actual building zones, each equipped with a variable air volume (VAV) box. For this study,
testing was performed on a water-based air-handling unit (Figure 9c).
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(a) BEAST HVAC laboratory (b) Example controlled space (c) Tested air handling unit

Figure 9. BEAST laboratory facility and tested equipment.

The laboratory’s centralized building automation system (BAS) was utilized to monitor
and control equipment parameters, minimizing errors associated with manual adjustments.

3.2.2. Laboratory Testing Procedure

Laboratory testing of the heating coil was conducted during the winter season.
Throughout the testing period, the cooling coil and chiller remained inactive, with all
associated chilled water valves being fully closed. Testing spanned for one week, during
which the laboratory’s BAS recorded system performance data at one-minute intervals,
resulting in the collection of over 10,000 data points in imperial units.

To capture a broad range of operating conditions, the heating coil valve position and
supply fan speeds were systematically adjusted every two hours. The heating coil valve
position was incrementally modified from 20% (minimum valve position allowing at least
0.1 gallons per minute (GPM)) to 100% (maximum water flow) in 10% increments. A similar
stepwise approach was applied to the supply fan speed, varying from 10% to 100% in
10% increments.

Precautions were taken to maintain the air handling unit’s internal temperature be-
tween 20 ◦F (−6.67 ◦C) and 95 ◦F (37.78 ◦C) to prevent freezing, which could affect the
heating and cooling coils, and to avoid excessive heat buildup that could damage electrical
switches and sensors. Additionally, all other HVAC components, including the cooling coil,
VAV box heating coil, and humidifier, were deactivated to ensure they did not interfere
with the air conditioning system. The three lab zones remained unoccupied and were not
subjected to external influences throughout the testing period.

By adjusting the coil valve position incrementally, a comprehensive dataset was ob-
tained covering a wide range of hot water flow conditions. The control signal modifications
resulted in hot water flow variations ranging from 0.1 GPM (0.000006 m3/s) to a maxi-
mum of 1.6 GPM (0.0001 m3/s). While the valve position influenced the hot water flow
rate, it did not alter the hot water supply temperature, which remained constant at ap-
proximately 120 ◦F (48.89 ◦C). The impact of supply fan speed variations on heating coil
performance was also examined by assessing changes in supply air temperature under
different airflow conditions. At 100% fan speed, the system achieved a maximum airflow
of approximately 1300 cubic feet per minute (CFM) (2208.7 m3/h), representing the upper
limit of the system’s capacity.

The testing covered a wide range of operating scenarios, from worst-case heating
conditions to optimal performance cases. This approach ensured that extreme conditions
were accounted for in the dataset, improving the robustness of the model predictions.
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3.2.3. Hot Water Loop and Airflow Control Conditions

The air handling unit’s heating coil was supplied with hot water from an electric boiler
connected through a closed-loop hot water system. The return water temperature varied
based on system conditions. The supply air temperature was further influenced by outdoor
and return air damper modulation, with the mixing air temperature maintained between
20 ◦F (−6.67 ◦C) and 95 ◦F (35 ◦C) to prevent freezing or overheating inside the unit.

During the testing period, outdoor temperatures dropped as low as −10 ◦F (−23.33 ◦C).
It was ensured that no other conditioning sources influenced the supply air temperature
besides the heating coil. The VAV damper positions remained fully open, and total supply
airflow modulation was controlled solely by the supply fan.

This testing methodology enabled the collection of a diverse dataset that accurately
represents real-world heating coil performance under various operational conditions,
providing a strong foundation for predictive model development.

3.3. Basis of Developing Predictive Models and Data Cleaning
3.3.1. Data Cleaning

Following the completion of laboratory tests, key parameters influencing heating
coil performance were identified. Initial results indicated that the supply air temperature
conditioned through the heating coil was primarily influenced by the following variables:

1. Mixed air temperature (◦F);
2. Supply water temperature of the heating coil (◦F);
3. Hot water flow rate through the heating coil (GPM);
4. Total supply airflow (CFM).

Variations in these parameters directly impacted the supply air temperature. Based
on this observation, the most influential factors determining heating coil performance
were mixed air temperature, supply water temperature, hot water flow rate, and total
supply airflow. Given this relationship, the supply air temperature was selected as the
dependent variable, while the other identified parameters served as independent variables
for model development.

Once the relevant parameters were finalized, data collected from the BAS underwent
a structured cleaning process to ensure accuracy and reliability:

5. Handling missing data: Any data entries with missing values, typically marked as
“---”, were removed to prevent inconsistencies in the dataset.

6. Eliminating transition period data: Since data collection was continuous, readings
captured during input transition periods were excluded to ensure only stabilized
values influenced the analysis. To do this, any fluctuations of 0.5 GPM (0.00003 m3/s)
or greater in water flow and any fluctuations of 250 cfm (424.8 m3/h) or greater in
airflow were removed.

In total, 260 data points were dropped. The cleaned dataset was then used to develop
predictive models, with these models aiming to accurately represent the heating coil’s
actual performance under varying operating conditions.

3.3.2. Development of Predictive Models

Predictive model development was conducted through Python 3.12.8 with the support
of various libraries. Initially, MATLAB was considered due to its widespread use in
engineering applications and its ability to produce visually appealing graphs. However,
Python was ultimately chosen for its greater prevalence in machine learning applications,
ease of use, and efficient computational capabilities. Python’s performance advantage lies

97



Energies 2025, 18, 2314

in its ability to handle computationally intensive data analysis tasks by leveraging libraries
that execute complex mathematical operations in C or C++ while maintaining user-friendly,
readable code. With the help of selected libraries, which simplify intricate operations, the
predictive models were successfully developed.

3.3.3. Splitting Data

To effectively train and evaluate the models, the dataset was divided into training and
testing subsets. Typically, models perform well on training data but may struggle with
unseen data during testing. The choice of data split ratio depends on the dataset size, with
80/20 and 70/30 being common practices. In this research, both split ratios yielded nearly
identical results, indicating that the dataset was sufficient for model training. Consequently,
a 70/30 split was used for figures and tables in this study. Additionally, a random state was
set to ensure reproducibility in data partitioning. Since computers generate pseudo-random
splits, the seed value determines the starting point for randomness. Various random states
were tested, all producing consistent results, as expected. For this research, a random state
of 0 was used in all figures and tables.

3.3.4. Library Selection and Model Evaluation

A total of 31 machine learning models were developed and tested in this study,
utilizing key libraries such as scikit-learn, XGBoost, LightGBM, Pandas, and NumPy [52].
Pandas and NumPy serve as foundational libraries that support data processing and
mathematical operations. Pandas facilitates data manipulation, handling structured data
such as tables and time series [53], while NumPy provides Python with capabilities for
vectorized computations, indexing, and managing large, multidimensional arrays and
matrices [54]. These libraries, in combination with various machine learning frameworks,
allowed for the implementation and fine-tuning of predictive models.

The primary objective of this study was to identify the most effective approach for pre-
dicting supply air temperature in a HVAC system. Given the variability of environmental
conditions such as climate, humidity, and seasonal fluctuations, a single predictive formula
would be insufficient. Therefore, models were evaluated based on performance metrics,
adaptability, and suitability for real-world applications.

When multiple models demonstrated comparable predictive accuracy, a more detailed
analysis was conducted to assess their individual strengths and limitations. The goal was
to develop a robust and adaptive set of models capable of recognizing localized patterns
and learning system-specific behaviors.

3.4. Error Metrics Calculation

Equation (2) through (6) define the error metrics used to assess model performance.
While multiple error methods were analyzed, R2 (coefficient of determination) is the
primary metric presented in most figures, as it measures how well the model’s predictions
align with actual values. An R2 value of 1 indicates a perfect fit, while values below
0 suggest that the model performs worse than the mean value.

Mean absolute error (MAE) calculates the average absolute difference between pre-
dicted and actual values, treating all errors equally [55]. This method is effective when all
data points hold equal importance. Mean squared error (MSE) determines the squared dif-
ferences between predictions and actual values, penalizing larger errors more heavily [56].
This makes it useful when outliers significantly impact accuracy. Root mean squared error
(RMSE) is similar to MSE but applies a square root to return the error to the original unit,
making it easier to interpret. However, because RMSE applies a square root to the error,
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differences between models may appear less pronounced. For example, if one model
has an MSE of 100 and another has an MSE of 81, the difference seems significant. But
after applying the square root, their RMSE values become 10 and 9, making the difference
appear smaller. Coefficient of variation (CV) evaluates whether a model is overfitting or
excessively generalizing by analyzing its consistency across the dataset [2,57].

R2 = 1 − Sum of Squaresresidual
Sum of SquaresTotal

(2)

MAE =
∑

Number o f Observations
i=1 ‖(Observed Values)− (Predicted Values)‖

Number o f Observations
(3)

MSE =
∑

Number o f Observations
i=1 ‖(Observed Values)− (Predicted Values)‖2

Number o f Observations
(4)

RMSE =

√√√√∑
Number o f Observations
i=1 ‖(Observed Values)− (Predicted Values)‖2

Number o f Observations
(5)

CV = 100 × RMSE
OutputMean

(6)

4. Results

4.1. Analysis of Models

Figure 10 compares the error values of all 31 tested models, providing an overview of
their general performance. Refer Appendix A.1 for a better visualization of the R2 values.
The results indicate that most approaches achieved similar accuracy in predicting supply
air temperature. While a few underperformed, the majority produced strong predictions,
suggesting that the dataset was not overly complex for selected algorithms.

Figure 10. Training and testing R2 for evaluated models.
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Since different predictive techniques yielded comparable accuracy, selecting the best-
performing ones requires more than just minimizing error values. Instead, additional
practical considerations relevant to the field of study must be considered. For instance,
when implemented in an actual system, predictive tools will inevitably encounter outliers,
just as seen in the original dataset. Those capable of handling such anomalies effectively are
preferred as they maintain performance stability during transitional periods when input
conditions change. Another crucial aspect is adaptability. Given that not all HVAC systems
are identical, models that can be adapted to different environments are more valuable.
Based on these criteria, three models were selected: neural network, XGBoost, and bagging.
Additionally, MLR was included as a baseline for comparison.

4.2. Model Selection

Four selected models offer strong potential for further development in machine learn-
ing applications. Neural networks, XGBoost, and Bagging demonstrated robust perfor-
mance making them suitable for this research. However, it is reasonable to question why
the voting regressor and random forest models, which achieved the lowest error values,
were not selected. Several factors contributed to this decision.

While these models performed marginally better in terms of R2, their performance
across other error metrics was either equivalent to or worse than the selected models.
Additionally, when tested on uncleaned data, the bagging model outperformed both the
voting regressor and random forest, as is shown in Figure 10, across the analyzed error
metrics [58,59]. Table 1 represents the error values obtained without data cleaning.

Table 1. Error values from uncleaned dataset.

Error Values

Models R2 Train R2 Test RMSE MAE MSE CV

Bagging 0.997854 0.977027 0.761906 0.291603 0.580500 0.980804
Random Forest 0.997867 0.976929 0.763534 0.291076 0.582985 0.982900
Voting Regressor 0.994969 0.976603 0.768907 0.321640 0.591218 0.989816

XGBoost 0.997564 0.974697 0.799610 0.327223 0.639376 1.029341

Bagging and XGBoost, similar to neural networks, offer greater potential due to their
ability to handle errors effectively and the availability of extensive tuning and adjustment
options. Since all models performed well based on evaluated error indices, the selection
prioritized models known for their reliability and adaptability in real-world applications.

4.3. Analysis and Discussion of the Selected Models
4.3.1. MLR

MLR was chosen as a baseline due to its simplicity and transparency. As a straightfor-
ward method, it provides a clear mathematical equation, making it useful for establishing
benchmark error values and identifying key input variables that influence predictions.
Comparing MLR’s insights with those from advanced models helps assess whether complex
approaches capture the same underlying relationships or offer meaningful improvements
beyond a linear framework. Given that many advanced techniques function as black boxes,
MLR serves as a valuable reference for evaluating their effectiveness [60,61].
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Equation (7) presents the developed MLR equation, illustrating how each input vari-
able contributes to the predicted output. Among the independent variables, the mixed air
temperature (x3) exerts the greatest influence, as indicated by its larger coefficient.

Y = 77.77 + 0.54 × x1 + 5.42 × x2 + 7.30 × x3 − 1.92 × x4 (7)

where y = supply air temperature (◦F); x1 = hot water supply temperature (◦F); x2 = water
flow (gpm); x3 = mixed air temperature (◦F); and x4 = supply fan air flow (cfm).

Figure 11 displays the testing and training scatter plots, along with residual plots, to
analyze the accuracy of the model’s predictions. Figure 11a,b reveal that many data points
deviate significantly from the ideal predicted values, forming noticeable clusters away
from the regression line. Similarly, Appendix A.2 visualizes these discrepancies through a
line plot. These observations suggest that while MLR effectively captures general trends, it
struggles with accuracy and reliability, particularly when modeling intricate or nonlinear
patterns in the data. The residual plots in Figure 11c,d further highlight this limitation, as a
significant number of data points are far from the central regression line, demonstrating
that MLR frequently fails to provide precise predictions.

(a) Training predictions against actual (b) Testing prediction against actual

(c) Training residual plot (d) Testing residual plot

Figure 11. MLR residual and scatter plots.
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4.3.2. Neural Network

Neural networks were selected for their ability to model complex relationships with
varying levels of complexity. The network architecture primarily consisted of single-layer
or right-triangle configurations. Key parameters, such as the number of nodes and layers,
were adjusted to identify an optimal predictive model, while bias calculation methods
and learning rates remained constant [62]. Since larger networks require more iterations
to fine-tune their weights effectively, structural modifications were necessary to balance
accuracy and computational efficiency.

The best performing model in this study was a single layer neural network with
100 nodes using a ReLU activation function. While further refinements, such as adjusting
the number of nodes or layers, could enhance accuracy, the model’s high performance made
additional optimization unnecessary. Figure 12 illustrates a simplified neural network
with only 10 nodes and their associated connection weights. Although this study may not
have identified the most optimal neural network, the tested models demonstrated strong
predictive capabilities. More advanced deep learning models could potentially outperform
all tested configurations, but within the scope of this research, neural networks provided
reliable predictions with some variability across different setups [63].

Figure 12. Neural network connection weights.

An analysis of the neural network residuals reveals an interesting trend in that its
training and testing performance were nearly identical. By comparing Figure 13a,b, as well
as Figure 13c,d, it was evident that the error values were consistent across both phases.
Notably, the R2 value for the training dataset was slightly lower than that for the testing
dataset, which appears counterintuitive at first glance. In other models, training typically
outperforms testing, but this suggests that the neural network is operating near a local
minimum. The model successfully identified patterns in the data and generalizes well to
unseen inputs, but it has not necessarily reached a global minimum, as some other models
marginally outperformed it. Even still, the neural network strikes a balance between
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generalization and overfitting. Nearly identical data distribution in both the training and
testing scatterplots further supports this claim.

Unlike MLR, which relies on a generalized linear formula, neural networks can capture
more complex patterns while maintaining consistency between training and testing results.
Appendix A.3 presents an alternative visualization of residual data, reinforcing these
observations.

(a) Training prediction against actual (b) Testing prediction against actual

(c) Training residual plot (d) Testing residual plot

Figure 13. Neural network residual and scatter plots.

4.3.3. Gradient Boosting

Gradient boosting was selected for its ability to handle complex datasets effectively,
particularly in real-world scenarios with outliers or missing values. Additionally, gradient
boosting integrates categorical and numerical data within a single framework, making it
adaptable to various environments. For this analysis, extreme gradient boosting (XGBoost)
was utilized over scikit-learn’s gradient boosting technique due to its superior performance.
The key distinction between these implementations lies in their data-splitting techniques
and regression tree construction [64]. XGBoost is a sophisticated model implemented
through an open-source library aimed at being both efficient and effective, making it a
preferred method for numerous applications [65].

Like all models, gradient boosting makes assumptions regarding the dataset structure.
Figure 14 illustrates the model’s predictive process as additional trees are introduced.
Sample 9 was accurately predicted after approximately 35 trees, while other data points,
such as sample 424, required additional iterations to improve accuracy. However, as more
trees were added to improve certain predictions, slight sacrifices in accuracy were made
for previously well-predicted data points. This tradeoff is a common characteristic of
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boosting algorithms, where the model aims to minimize the overall average error rather
than improving individual predictions.

Figure 14. Predicted accumulation of samples for XGBoost.

When compared to the baseline MLR and neural network results, XGBoost consis-
tently produced predictions that are closer to the true values. Figure 15 demonstrates
this by showing that most data points are clustered near the central prediction line, in-
dicating strong predictive ability. Although, unlike neural networks, which can capture
more intricate data patterns, gradient boosting does not generalize as effectively. The
model achieves acceptable error values but exhibits a noticeable performance gap be-
tween training and testing. Additionally, the dispersion of data points in testing does
not always align with the patterns observed in training. For instance, in Figure 15c, data
points around predicted temperature of 85 ◦F (29.4 ◦C) show minimal dispersion; while
in Figure 15d, multiple outliers appear. Appendix A.4 provides an alternative visual of
these outliers.

The discrepancy suggests that XGBoost, while effective, may exhibit some degree of
overfitting, preventing it from identifying a fully generalized pattern. While it outperforms
simpler models like MLR, it does not consistently achieve the same level of generalization
as the neural network.

(a) Training prediction against actual (b) Testing prediction against actual

Figure 15. Cont.
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(c) Training residual plot (d) Testing residual plot

Figure 15. XGBoost residual and scatter plots.

4.3.4. Bagging

Bagging was selected for its strong performance, particularly in reducing variance and
mitigating the impact of incorrect data points [66]. However further improvements could
be achieved by optimizing the number of subsets used. The best performing decision tree
with a depth of three is listed in Figure 16, providing insight into how the model prioritizes
inputs and makes predictions. These specific characteristic makes bagging highly suitable
for HVAC applications, where occasional data inaccuracies may occur [47].

Figure 16. Bagging tree with max depth 3.

A comparison of residual and scatter plots highlights key differences between bagging
and other models. In Figure 15, XGBoost displays a wider spread of data points compared
to bagging in Figure 17. This suggests that XGBoost is more tolerant of errors but has
greater dispersion, whereas bagging brings most predictions closer to expected values
but struggles with outliers, leading to a wider spread of extreme residuals. This trade-off
implies that bagging is better at capturing the general pattern of the dataset, whereas
XGBoost maintains more flexibility in handling variations.
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(a) Training prediction against actual (b) Testing prediction against actual

(c) Training residual plot (d) Testing residual plot

Figure 17. Bagging residual and scatter plots.

Additionally, Figure 17a,b show a similar dispersion pattern, suggesting that bagging
is close to an optimal generalization of the data structure. However, differences in error
values between training and testing indicate that the model does not fully capture the
underlying pattern. Since the neural network successfully identified this pattern, it suggests
a clear structure exists within the data that bagging does not fully exploit. While effective,
bagging struggles with larger residuals compared to XGBoost, which sacrifices some
generalization for better adaptability. Further pattern analysis for bagging is available
in Appendix A.5.

4.3.5. Analysis of Model Specialties

Residual plot analysis reveals distinct differences in how each model processes the
data. Neural networks excel at identifying patterns, XGBoost is more effective at handling
outliers, and bagging strikes the best balance between these approaches. While their overall
error values appear similar at a glance, a deeper evaluation is necessary to determine the
most suitable model for practical applications.

In this study, bagging emerges as the most effective model, as supported by its error
values. Its strength lies in capturing the underlying pattern while distinguishing true
trends from noise, allowing it to make more reliable predictions. However, for further
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advancements, refining model parameters, particularly in neural networks, could lead to
even better performance. Since the neural network demonstrated a strong ability to identify
general patterns, optimizing its structure and parameters may yield superior results under
more complex conditions.

5. Practical Application

5.1. Input Significance
5.1.1. Model Input Weights

Each model assigned specific weights to the inputs, as illustrated in the radar chart
below (Figure 18) and detailed in Table 2. The interpretation of these weights varies across
models. MLR directly uses coefficients to quantify input significance, while XGBoost
and bagging assess feature importance based on their contribution to predictive accuracy.
Neural networks rely on connection weights between inputs and hidden layers, requiring
node-level analysis for deeper insights.

Figure 18. Relative input weights for the models.

Table 2. Input weights for models.

Models

Input Values MLR Neural Network (100) Bagging XGBoost

Hot Water Supply
Temperature (◦F) 0.035 0.117 0.003 0.003

Water Flow (gpm) 0.357 0.358 0.197 0.414
Mixed Air

Temperature (◦F) 0.481 0.215 0.600 0.422

Supply Fan Air
Flow (cfm) 0.126 0.310 0.199 0.161

107



Energies 2025, 18, 2314

A clearer comparison of how each model handles input weighting is provided
in Appendix B, with specific distributions for MLR (Appendix B.1), neural networks
(Appendix B.2), XGBoost (Appendix B.3), and bagging (Appendix B.4). These appendices
offer a more detailed breakdown of model specific weighting approach, reinforcing these
findings discussed in this section.

Despite differences in methodology, all models reached a similar conclusion regarding
input significance. Hot water supply temperature was consistently identified as the least
influential variable, while mixed air temperature emerged as the most critical factor.

5.1.2. Input Weight Considerations

Figures 19 and 20 further examine the relationship between input variables for XG-
Boost and bagging. Notably, one visualization suggests that hot water temperature has
subtle significance, seemingly contradicting previous assessments. This can be explained
by the interaction between supply airflow rates and heating coil exposure time. When
airflow decreases (i.e., fan speed is reduced), air remains in contact with the heating coil for
a longer duration. As a result, lower hot water temperatures can achieve the same supply
air temperatures compared to higher fan speeds.

Figure 19. XGBoost input relationships.

Additionally, both models identified a negative correlation between supply airflow
rate and supply air temperature. Higher airflow reduces heating time, leading to lower
discharge air temperatures, while lower airflow extends exposure time, increasing heat
absorption. However, in real-world applications, airflow rates cannot be freely adjusted
due to ventilation and thermal comfort requirements. Excessive reductions in airflow may
compromise air distribution and ventilation effectiveness, while excessive increases could
cause pressure imbalances within the duct system. Understanding these constraints is
crucial for applying model-driven optimizations to HVAC control strategies.

5.2. Model Applications

The developed heating coil models can be implemented in real-world building sys-
tems to monitor HVAC performance, detect anomalies, and enable proactive responses.
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One critical application is cybersecurity. These models can identify unauthorized control
attempts or cyber-attacks on the HVAC system, ensuring that only authorized facility
managers regulate building conditions. Such safeguards can help maintain a safe and
healthy indoor environment for occupants.

Figure 20. Bagging input relationships.

Additionally, these models facilitate continuous monitoring of heating coil perfor-
mance, allowing for real-time adjustments to optimize efficiency. By integrating them into
energy management systems, facility managers can gain a comprehensive view of actual
building performance, enabling data-driven decision-making. This integration supports the
implementation of energy efficiency measures and helps identify operational inefficiencies,
such as excessive energy use or suboptimal equipment settings.

Another key application is predictive maintenance. The models can forecast potential
system failures, minimizing downtime and extending the lifespan of HVAC components
by scheduling timely maintenance. During the design phase of new buildings, simulation-
based models can guide the selection of appropriate system components and configurations.
For existing buildings, these models support retrofit strategies aimed at enhancing perfor-
mance and reducing energy consumption.

Given the broad range of applications, further refinement and expansion of these
foundational models are paramount. Future research should focus on developing advanced
control algorithms and extending modeling efforts to other critical HVAC components,
such as reheating coils and chilled water coils, to enhance overall system performance
and efficiency.

6. Conclusions

This study developed and evaluated predictive models for heating coil performance in
HVAC systems, demonstrating that relatively simple models can achieve error thresholds
sufficient for laboratory-scale applications. Among the tested models, bagging exhibited
strong predictive accuracy, consistently performing well across analyzed error metrics,
including R2, RMSE, MAE, MSE, and CV. It also demonstrated an ability to handle er-
rors effectively and generalize patterns within the data. However, neural networks ap-
peared to show greater potential for future advancements due to their strong performance
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in error metrics, capacity for developing more complex models, and ability to capture
underlying patterns.

While these results highlight promising pathways for improving energy efficiency
in HVAC systems, several limitations must be acknowledged. The experimental setup
involved a small-scale unit operating under near-ideal conditions, which may not fully cap-
ture the complexities of real-world residential or commercial environments. Additionally,
the study did not account for reheat and cooling coil loads or internal heat gains.

To enhance model robustness, future work should incorporate datasets from the entire
HVAC system to find patterns all coils and operating parameters. This would enable
the development of context-specific models, further optimizing energy efficiency across
various implementation scenarios. Such advancements could significantly reduce global
HVAC energy consumption, aligning with this study’s broader objectives of economic
savings, ecological sustainability, and energy conservation.

While the current models perform well in controlled settings, their real-world ap-
plicability may be limited by unaccounted disturbances and inconsistencies in full-scale
systems. Traditional machine learning models rely on mathematical formulations making
them less effective at handling unstructured or illogical data without extensive human
intervention for tuning and validation. In contrast, deep learning offers a transformative
opportunity for HVAC predictive analytics. These models can be designed to simulate
logical processes, allowing them to autonomously adapt to dynamic conditions, to identify
logical inconsistencies, and to self-correct during operation. Future research should focus
on optimizing deep learning parameters to develop more resilient, self-optimizing HVAC
models capable of handling real-world variability with minimal manual oversight.
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Abbreviations

The following abbreviations are used in this manuscript:

AHU Air Handling Unit
HVAC Heating Ventilation and Air Conditioning
BEAST Building Energy Assessments, Solutions, and Technologies
VAV Variable Air Volume
BAS Building Automation System
ASHRAE American Society of Heating Refrigerating and Air-Conditioning Engineers
MLR Multiple Linear Regression
XGBoost Extreme Gradient Boosting
R2 Coefficient of determination
CV Coefficient of Variance
RMSE Root Mean Square Error
MSE Mean Squared Error
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MAE Mean Absolute Error
SHAP Shapley Additive Explanations
ReLU Rectified Linear Unit

Appendix A. R2 and Residual Errors

Appendix A.1. R2 Values

The following graph shows the R2 values for the tested models. Blue lines represent
testing R2, and orange lines shows training R2.

Figure A1. Testing vs. training R2 values of analyzed models.

Appendix A.2. MLR Predicted vs. Actual Data

The line plot presents a comparison between the predicted and actual values for MLR
over samples 750–1250. The orange line represents the actual values, while the blue line
represents the predicted values. Areas where the lines overlap indicate accurate predictions.
Conversely, greater visibility of the blue line suggests a weaker model performance as it
indicates a deviation between predicted and actual values.

Figure A2. MLR: actual vs. predictions.
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Appendix A.3. Neural Network Predicted vs. Actual Data

The line plot shows a line graph connecting the values for the predicted data and
actual data of the best-performing neural network for sample 750–1250.

Figure A3. Neural network: actual vs. predictions.

Appendix A.4. XGBoost Predicted vs. Actual Data

The line plot shows a line graph connecting the values for the predicted data and
actual data of XGBoost for sample 750–1250.

Figure A4. XGBoost: actual vs. predictions.

Appendix A.5. Bagging Predicted vs. Actual Data

The line plot shows a line graph connecting the values for the predicted data and
actual data of bagging for sample 750–1250.
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Figure A5. Bagging: actual vs. predictions.

Appendix B. Shapley Additive Explanations (SHAP) Values

Appendix B.1. MLR SHAP Chart

The SHAP chart for MLR visualizes the impact of each input variable on the model’s
output. The y-axis represents the input features, while the x-axis shows their influence
on predictions. Color gradients indicate the relative magnitude of each feature’s value
across the dataset. A wider spread of data points suggests a stronger impact on the output,
highlighting the most influential variables in the model.

Figure A6. MLR SHAP chart.

Appendix B.2. Neural Network SHAP Chart

SHAP chart for the best performing neural network.
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Figure A7. Neural network SHAP chart.

Appendix B.3. XGBoost SHAPSHAP Chart

SHAP chart for XGBoost.

Figure A8. XGBoost SHAP chart.

Appendix B.4. Bagging SHAP Chart

SHAP chart for bagging.

Figure A9. Bagging SHAP chart.
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13. Yayla, A.; Świerczewska, K.S.; Kaya, M.; Karaca, B.; Arayici, Y.; Ayözen, Y.E.; Tokdemir, O.B. Artificial Intelligence (AI)-Based
Occupant-Centric Heating Ventilation and Air Conditioning (HVAC) Control System for Multi-Zone Commercial Buildings.
Sustainability 2022, 14, 16107. [CrossRef]

14. Zhao, Y.; Li, T.; Zhang, X.; Zhang, C. Artificial Intelligence-Based Fault Detection and Diagnosis Methods for Building Energy
Systems: Advantages, Challenges and the Future. Renew. Sustain. Energy Rev. 2019, 109, 85–101. [CrossRef]

15. Babadi Soultanzadeh, M.; Ouf, M.M.; Nik-Bakht, M.; Paquette, P.; Lupien, S. Fault Detection and Diagnosis in Light Commercial
Buildings’ HVAC Systems: A Comprehensive Framework, Application, and Performance Evaluation. Energy Build. 2024,
316, 114341. [CrossRef]

16. ANSI/ASHRAE/IES Standard 90.1-2022; Energy Standard for Sites and Buildings Except Low-Rise Residential Buildings. American
Socitey of Heating Ventilation and Air-Conditioning Systems and Equipment (ASHRAE): Peachtree Corners, GA, USA, 2022.

17. International Code Council, Inc. (ICC). 2021 International Energy Conservation Code (IECC); ICC: Country Club Hills, IL, USA, 2021.
18. The Paris Agreement|UNFCCC. Available online: https://unfccc.int/process-and-meetings/the-paris-agreement (accessed on

12 March 2025).
19. Barney, G.C.; Florez, J. Temperature Prediction Models and Their Application to the Control of Heating Systems. IFAC Proc. Vol.

1985, 18, 1847–1852. [CrossRef]
20. Asamoah, P.B.; Shittu, E. Evaluating the Performance of Machine Learning Models for Energy Load Prediction in Residential

HVAC Systems. Energy Build. 2025, 334, 115517. [CrossRef]
21. Lu, S.; Zhou, S.; Ding, Y.; Kim, M.K.; Yang, B.; Tian, Z.; Liu, J. Exploring the Comprehensive Integration of Artificial Intelligence

in Optimizing HVAC System Operations: A Review and Future Outlook. Results Eng. 2025, 25, 103765. [CrossRef]
22. Gao, Z.; Yu, J.; Zhao, A.; Hu, Q.; Yang, S. A Hybrid Method of Cooling Load Forecasting for Large Commercial Building Based on

Extreme Learning Machine. Energy 2022, 238, 122073. [CrossRef]
23. Norouzi, P.; Maalej, S.; Mora, R. Applicability of Deep Learning Algorithms for Predicting Indoor Temperatures: Towards the

Development of Digital Twin HVAC Systems. Buildings 2023, 13, 1542. [CrossRef]
24. Maddalena, E.T.; Lian, Y.; Jones, C.N. Data-Driven Methods for Building Control—A Review and Promising Future Directions.

Control Eng. Pract. 2020, 95, 104211. [CrossRef]

115



Energies 2025, 18, 2314

25. Halhoul Merabet, G.; Essaaidi, M.; Ben Haddou, M.; Qolomany, B.; Qadir, J.; Anan, M.; Al-Fuqaha, A.; Abid, M.R.; Benhaddou, D.
Intelligent Building Control Systems for Thermal Comfort and Energy-Efficiency: A Systematic Review of Artificial Intelligence-
Assisted Techniques. Renew. Sustain. Energy Rev. 2021, 144, 110969. [CrossRef]

26. Platt, G.; Li, J.; Li, R.; Poulton, G.; James, G.; Wall, J. Adaptive HVAC Zone Modeling for Sustainable Buildings. Energy Build.
2010, 42, 412–421. [CrossRef]

27. Zhang, C.; Zhao, Y.; Fan, C.; Li, T.; Zhang, X.; Li, J. A Generic Prediction Interval Estimation Method for Quantifying the
Uncertainties in Ultra-Short-Term Building Cooling Load Prediction. Appl. Therm. Eng. 2020, 173, 115261. [CrossRef]

28. Ding, Y.; Zhang, Q.; Wang, Z.; Liu, M.; He, Q. A Simplified Model of Dynamic Interior Cooling Load Evaluation for Office
Buildings. Appl. Therm. Eng. 2016, 108, 1190–1199. [CrossRef]

29. Lin, X.; Tian, Z.; Lu, Y.; Zhang, H.; Niu, J. Short-Term Forecast Model of Cooling Load Using Load Component Disaggregation.
Appl. Therm. Eng. 2019, 157, 113630. [CrossRef]

30. Dharmasena, P.; Nassif, N. Testing, Validation, and Simulation of a Novel Economizer Damper Control Strategy to Enhance
HVAC System Efficiency. Buildings 2024, 14, 2937. [CrossRef]

31. Wahba, N.; Rismanchi, B.; Pu, Y.; Aye, L. Efficient HVAC System Identification Using Koopman Operator and Machine Learning
for Thermal Comfort Optimisation. Build. Environ. 2023, 242, 110567. [CrossRef]

32. Babadi Soultanzadeh, M.; Nik-Bakht, M.; Ouf, M.M.; Paquette, P.; Lupien, S. Unsupervised Automated Fault Detection and
Diagnosis for Light Commercial Buildings’ HVAC Systems. Build. Environ. 2025, 267, 112312. [CrossRef]

33. Chen, Z.; Xu, P.; Feng, F.; Qiao, Y.; Luo, W. Data Mining Algorithm and Framework for Identifying HVAC Control Strategies in
Large Commercial Buildings. Build. Simul. 2021, 14, 63–74. [CrossRef]

34. Khanuja, A.; Webb, A.L. What We Talk about When We Talk about EEMs: Using Text Mining and Topic Modeling to Understand
Building Energy Efficiency Measures (1836-RP). Sci. Technol. Built Environ. 2023, 29, 4–18. [CrossRef]

35. Ajifowowe, I.; Chang, H.; Lee, C.S.; Chang, S. Prospects and Challenges of Reinforcement Learning-Based HVAC Control. J. Build.
Eng. 2024, 98, 111080. [CrossRef]

36. Jiang, M.L.; Wu, J.Y.; Xu, Y.X.; Wang, R.Z. Transient Characteristics and Performance Analysis of a Vapor Compression Air
Conditioning System with Condensing Heat Recovery. Energy Build. 2010, 42, 2251–2257. [CrossRef]

37. Wang, S.; Ma, Z. Supervisory and Optimal Control of Building HVAC Systems: A Review. Hvac&R Res. 2008, 14, 3–32. [CrossRef]
38. Belany, P.; Hrabovsky, P.; Sedivy, S.; Cajova Kantova, N.; Florkova, Z. A Comparative Analysis of Polynomial Regression and

Artificial Neural Networks for Prediction of Lighting Consumption. Buildings 2024, 14, 1712. [CrossRef]
39. Fumo, N.; Rafe Biswas, M.A. Regression Analysis for Prediction of Residential Energy Consumption. Renew. Sustain. Energy Rev.

2015, 47, 332–343. [CrossRef]
40. 6.1—MLR Model Assumptions|STAT 462. Available online: https://online.stat.psu.edu/stat462/node/145/ (accessed on

19 March 2025).
41. Lee, C.-W.; Fu, M.-W.; Wang, C.-C.; Azis, M.I. Evaluating Machine Learning Algorithms for Financial Fraud Detection: Insights

from Indonesia. Mathematics 2025, 13, 600. [CrossRef]
42. Abiodun, O.I.; Jantan, A.; Omolara, A.E.; Dada, K.V.; Mohamed, N.A.; Arshad, H. State-of-the-Art in Artificial Neural Network

Applications: A Survey. Heliyon 2018, 4, e00938. [CrossRef]
43. Han, S.-H.; Kim, K.W.; Kim, S.; Youn, Y.C. Artificial Neural Network: Understanding the Basic Concepts Without Mathematics.

Dement. Neurocogn Disord. 2018, 17, 83–89. [CrossRef]
44. 1.17.Neural Network Models (Supervised). Available online: https://scikit-learn.org/stable/modules/neural_networks_

supervised.html (accessed on 19 March 2025).
45. Abdolrasol, M.G.M.; Hussain, S.M.S.; Ustun, T.S.; Sarker, M.R.; Hannan, M.A.; Mohamed, R.; Ali, J.A.; Mekhilef, S.; Milad, A.

Artificial Neural Networks Based Optimization Techniques: A Review. Electronics 2021, 10, 2689. [CrossRef]
46. Engelbrecht, A.P.; Cloete, I.; Zurada, J.M. Determining the Significance of Input Parameters Using Sensitivity Analysis. In

Proceedings of the From Natural to Artificial Neural Computation, Torremolinos, Spain, 7–9 June 1995; Mira, J., Sandoval, F.,
Eds.; Springer: Berlin/Heidelberg, Germany, 1995; pp. 382–388.

47. Breiman, L. Bagging Predictors. Mach. Learn. 1996, 24, 123–140. [CrossRef]
48. Dietterich, T.G. Machine-Learning Research. AI Mag. 1997, 18, 97–136. [CrossRef]
49. Friedman, J.H. Greedy Function Approximation: A Gradient Boosting Machine. Ann. Stat. 2001, 29, 1189–1232. [CrossRef]
50. Nogales, A.G. On Consistency of the Bayes Estimator of the Density. Mathematics 2022, 10, 636. [CrossRef]
51. Gu, M.; Kang, S.; Xu, Z.; Lin, L.; Zhang, Z. AE-XGBoost: A Novel Approach for Machine Tool Machining Size Prediction

Combining XGBoost, AE and SHAP. Mathematics 2025, 13, 835. [CrossRef]
52. Scikit-Learn: Machine Learning in Python—Scikit-Learn 1.6.1 Documentation. Available online: https://scikit-learn.org/stable/

(accessed on 12 March 2025).

116



Energies 2025, 18, 2314

53. Pandas—Python Data Analysis Library. Available online: https://pandas.pydata.org/ (accessed on 12 March 2025).
54. NumPy. Available online: https://numpy.org/ (accessed on 12 March 2025).
55. Li, X.; Shen, Y.; Meng, Q.; Xing, M.; Zhang, Q.; Yang, H. Single-Model Self-Recovering Fringe Projection Profilometry Absolute

Phase Recovery Method Based on Deep Learning. Sensors 2025, 25, 1532. [CrossRef]
56. Jakubec, M.; Cingel, M.; Lieskovská, E.; Drliciak, M. Integrating Neural Networks for Automated Video Analysis of Traffic Flow

Routing and Composition at Intersections. Sustainability 2025, 17, 2150. [CrossRef]
57. James, G.; Witten, D.; Hastie, T.; Tibshirani, R. An Introduction to Statistical Learning: With Applications in R; Springer Texts in

Statistics; Springer: New York, NY, USA, 2021; ISBN 978-1-0716-1417-4.
58. Qavidelfardi, Z.; Tahsildoost, M.; Zomorodian, Z.S. Using an Ensemble Learning Framework to Predict Residential Energy

Consumption in the Hot and Humid Climate of Iran. Energy Rep. 2022, 8, 12327–12347. [CrossRef]
59. Wang, J.; Yuan, Z.; He, Z.; Zhou, F.; Wu, Z. Critical Factors Affecting Team Work Efficiency in BIM-Based Collaborative Design:

An Empirical Study in China. Buildings 2021, 11, 486. [CrossRef]
60. Neter, J.; Wasserman, W.; Kutner, M.H. Applied Linear Regression Models; Richard D. Irwin, Inc.: Homewood, IL, USA, 1983;

ISBN 0-256-02547-9.
61. Lian, J.; Jiang, J.; Dong, X.; Wang, H.; Zhou, H.; Wang, P. Coupled Motion Characteristics of Offshore Wind Turbines During the

Integrated Transportation Process. Energies 2019, 12, 2023. [CrossRef]
62. Liu, J.; Wu, Q.; Sui, X.; Chen, Q.; Gu, G.; Wang, L.; Li, S. Research Progress in Optical Neural Networks: Theory, Applications and

Developments. PhotoniX 2021, 2, 5. [CrossRef]
63. Babatunde, D.E.; Anozie, A.; Omoleye, J. Artificial Neural Network and Its Applications in the Energy Sector—An Overview. Int.

J. Energy Econ. Policy 2020, 10, 250–264. [CrossRef]
64. XGBoost Documentation—Xgboost 3.0.0 Documentation. Available online: https://xgboost.readthedocs.io/en/stable/ (accessed

on 25 March 2025).
65. Chen, T.; Guestrin, C. XGBoost: Reliable Large-Scale Tree Boosting System. In Proceedings of the 22nd SIGKDD Conference on

Knowledge Discovery and Data Mining, San Francisco, CA, USA, 13–17 August 2016.
66. Sehrawat, N.; Vashisht, S.; Singh, A. Solar Irradiance Forecasting Models Using Machine Learning Techniques and Digital Twin:

A Case Study with Comparison. Int. J. Intell. Netw. 2023, 4, 90–102. [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.

117



Article

BIM-Based Machine Learning Application for Parametric
Assessment of Building Energy Performance

Panagiotis Tsikas, Athanasios Chassiakos *, Vasileios Papadimitropoulos and Antonios Papamanolis

Department of Civil Engineering, University of Patras, 26500 Patras, Greece; panostsikas@upatras.gr (P.T.);
up1056827@upatras.gr (V.P.)
* Correspondence: a.chassiakos@upatras.gr

Abstract: The energy performance of buildings has become a main concern globally in
response to increased energy demand, the environmental impacts of energy production,
and the reality of energy poverty. To improve energy efficiency, proper building design
should be secured at the early design phase. Digital tools are currently available for
performing energy assessment analyses and can efficiently handle complex and technically
demanding buildings. However, alternative designs should be checked individually, and
this makes the process time-consuming and prone to errors. Machine learning techniques
can provide valuable assistance in developing decision support tools. In this paper, typical
residential buildings are considered along with eleven factors that highly affect energy
performance. A dataset of 337 instances of such parameters is developed. For each dataset,
the building energy performance is estimated based on BIM analysis. Next, statistical
and machine learning techniques are implemented to provide artificial models of energy
performance. They include statistical regression modeling (SRM), decision trees (DTs),
random forests (RFs), and artificial neural networks (ANNs). The analysis reveals the
contribution of each factor and highlights the ANN as the best performing model. An easy-
to-use interface tool has been developed for the instantaneous calculation of the energy
performance based on the independent parameter values.

Keywords: building; energy; building information modeling; building energy modeling;
machine learning; random forest; artificial neural network

1. Introduction

The increase in population and human activities, followed by the expansion of the
built environment, have intensified sustainability problems, among which is the need for
significant amounts of energy in contemporary buildings. According to the Global Status
Report for Buildings and Construction [1], buildings consume about 36% of annual global
energy resources and are responsible for 60% of global electricity production, whilst they
contribute 39% of global annual CO2 emissions.

To facilitate residents’ well-being, modern building design requires increased energy
consumption. In addition, existing building structures are highly energy-intensive and
environmentally unfriendly [2]. Previous studies and construction field experience have
demonstrated that energy consumption in buildings can be effectively reduced through
simple design solutions, such as the selection of appropriate building shapes and orienta-
tions. Thus, one of the challenges of the construction industry is the sustainable design of
new buildings and adaptation of existing ones. In this direction, it is imperative to reassess
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the conventional design and evaluation procedures of structures, particularly through an
integrated parametric approach that considers interdependences among leverage factors.
In current practice, energy analyses are often conducted separately, as the planning and
dimensioning processes are not aligned with the energy assessment process. In fact, most
existing buildings were designed in the past with outdated regulations or without any sort
of provisions concerning their energy efficiency [3]. Additionally, structure complexity,
multiple influential parameters and interdependencies, uncertainties, and limited data of-
ten result in assumptions and simplifications, which underestimate or distort the influence
of these parameters, leading to inaccurate results and inadequate designs.

The energy efficiency of buildings is affected by several factors related to a building’s
structure, location, and usage. These factors can be classified into two main classes: physical
and human-influenced ones [4]. The first class encompasses technical and physical factors,
such as the building envelope, local climate, heating, ventilation, and air conditioning
systems. The second category includes human-related factors, such as occupant behavior
and energy usage patterns, which exhibit significant variability and uncertainty in energy
consumption. Finally, there are social factors, such as energy prices, that have social
consequences on energy efficiency.

An effective way to estimate building energy efficiency is the utilization of building
energy modeling (BEM) software [5]. However, partially using BEM software without
synchronizing it with the global project design and construction process can result in
ineffective decisions, which are partly due to discontinuous information flow among
digital design models. In addition, the process is time-consuming, tedious, and susceptible
to errors, as energy efficiency data must be entered into BEM software manually. The
introduction of BIM technology allows for options that can overcome the limitations of
conventional energy efficiency assessment processes through BEM, as currently, BEM can
act as a subsystem of BIM. The use of BIM can result in accurate and systematic calculations
and provide the ability to monitor and control energy use during the operation phase of
buildings [6]. The application of BIM technology combined with simulations from the initial
stages of project design allow for a wide exploration of alternative design solutions [7]. In
fact, this technology provides the ground for understanding and quantifying the actual
conditions of a building as well as simulating real-world user behavior, thus improving
energy efficiency analyses.

While BIM represents the foundation for performing several types of analyses in build-
ing design, these analyses are usually multifactorial and require comparative evaluation of
alternative solutions, with user involvement in setting these solutions up and comparing
the results. The partial automation of such analyses results in increased time and effort
requirements. Instead, one can employ a parametric analysis and use machine learning
techniques to easily capture the influence of energy consumption factors and comparatively
evaluate alternative building configurations in terms of energy efficiency. The present study
first analyzes several factors that predominantly affect the energy efficiency of a typical
residential building using BIM technologies. Based on this analysis, a dataset relating
the factors influencing energy to their corresponding energy consumption is developed.
Machine learning techniques are then developed and evaluated as an instrument for instan-
taneous energy assessment analyses that can assist in decisions on initial building designs
or retrofitting.

2. Background

Existing research has dealt with several aspects of building energy analysis. In the
direction of sustainable design, key architectural design variables (ADVs), which influence
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sustainability characteristics during early building design and integrate computational
simulations and stakeholder insights, were examined [8]. This research underscores the
importance of including stakeholder perspectives in developing design optimization tools,
aligned with real-world needs for effective sustainable design.

The role of BIM in facilitating the LEED® certification process was explored in [9].
The findings underscore BIM’s potential to save time and resources, thus enhancing the
feasibility of sustainable project management. Further, the implementation of national and
international energy standards in low-rise residential buildings in Jordan utilizing BIM
models was examined in [10]. The use of BIM tools and regression models to optimize
energy performance in early-stage building design was demonstrated in [11]. By simulating
various prototype building shapes, the study identified energy-efficient geometries, noting
that triangular designs consumed the least energy. A framework combining BIM with a
life cycle cost (LCC) analysis and orthogonal testing methods to identify optimal design
parameters for energy efficiency in green buildings was introduced in [12]. The study
revealed significant annual energy reductions, emphasizing enhancements in building
envelope features such as insulation. A BIM-driven approach aiming at net-zero energy in
tall buildings within the Malaysian construction sector was the focus of [13]. The results
demonstrate significant correlations between BIM usage and factors such as early design
integration and predictive energy performance.

Moving on to machine learning applications for energy consumption prediction, the
effectiveness of deep learning (DL) methods for short-term cooling load prediction in
buildings was explored in [14], emphasizing their potential to outperform traditional
physic-based models. A comprehensive review of methods for predicting building energy
demand, with a focus on data-driven techniques, like support vector machines (SVMs)
and artificial neural networks (ANNs), was presented in [15]. The study highlights the
strengths of these methods, including achieving a high predictive accuracy. It further
notes that their effectiveness can be hindered by limited data availability. Another review
of data-driven models for predicting building energy consumption, emphasizing their
role in energy management, conservation, and planning, was performed in [16]. The
study recommended focusing on big data analytics and incorporating occupant behavior
insights to enhance model accuracy and reliability, paving the way for more tailored
prediction models. An analysis of building energy prediction models was performed
in [17], categorizing them into white-box, black-box, and grey-box types and highlighted
that black-box models, which include machine learning techniques, like SVMs and ANNs,
can handle complex data relationships. However, they face challenges related to human
behavior and climate variability. A hybrid predictive model that combines empirical
mode decomposition (CEEMDAN), deep learning, and ARIMA to enhance short-term
heating load forecasts was introduced in [18]. The study demonstrated the potential for
hybrid models to address complex data and improve forecast reliability, suggesting future
research on dynamic weighting strategies to enhance adaptability. Deep transfer learning
(DTL) strategies were evaluated in [19] to overcome data scarcity in cross-building energy
prediction. The study concluded that this approach is effective for improving prediction
accuracy across various building types and highlights the need for further explorations
into diverse application contexts. The use of ANNs for national-level hourly heat demand
prediction, focusing on simplifying input requirements while maintaining accuracy, was
explored in [20]. The study identifies temperature and radiation as critical factors, allowing
for reduced input complexity.

Focusing more closely on optimized and hybrid ML approaches, a comprehensive
comparison of various machine learning (ML) techniques to predict annual energy con-
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sumption in residential buildings was provided in [21], with a particular focus on aiding
early design decisions to enhance energy efficiency. The authors advocate for the use
of DNN models for early-design-stage energy consumption forecasting and recommend
further studies incorporating larger datasets and exploring ensemble algorithms to en-
hance predictive reliability. A hybrid machine learning model designed to enhance the
accuracy of heating energy consumption predictions in residential buildings was presented
in [22]. The study analyzed the support vector regression (SVR) and six meta-heuristic
algorithms, including battle royale optimization (BRO) and particle swarm optimization
(PSO). The authors recommend extending this method to various climates and building
types to verify its broader utility. Energy demand forecasting across seven sectors in Iran
was explored in [23], employing machine learning algorithms (ANN, LSTM, and ARIMA
models), enhanced with optimization techniques (PSO and Grey Wolf Optimizer). The
work concludes that this framework provides a foundation for strategic energy planning
and management. An AutoML framework for predicting residential heating and cooling
loads was introduced in [24], which automates the feature engineering and model optimiza-
tion process. The study concludes that the use of SHapley Additive exPlanations (SHAP)
values in model explainability enhances the framework’s practical utility for early-stage
building design. Finally, the integration of evolutionary algorithms with conventional
neural networks for residential energy consumption forecasting was proposed in [25],
leading to the recommendation of using hybrid techniques for future optimization.

To relate energy analyses and socio-economic factors, artificial neural networks (ANNs)
have been utilized as tools for policymakers to identify and assist vulnerable populations,
as part of an energy poverty study in Greece, with targeted energy efficiency initiatives and
financial aid [26]. The analysis incorporates various socio-economic and geographical fac-
tors, including house age and ownership status, to predict seven energy poverty indicators.

The existing literature has dealt with several aspects of the energy efficiency of build-
ings. However, the analyses mainly focus on fragments of the whole process while the
outcomes remain within a rather scientific framework without the appropriate connection
to engineering practice and design tools. There are also several research works using ML
methods for assessing energy consumption. According to [16], 84% of such studies focus on
short-term energy consumption prediction because of its direct relation to the day-to-day
operations of buildings, while only 12% of the studies focus on long-term (yearly) energy
consumption prediction. The first class refers to energy efficiency improvements, in terms
of temperature or lighting, following certain interventions, such as cell insulation upgrades.
An indicative study of this kind [27] focuses on an energy simulation of an academic
building and aims at evaluating the BIM’s potential to improve the building’s energy
efficiency through the simulation and optimization of design parameters, such as building
orientation or insulation characteristics, individually or collectively. A long-term energy
efficiency goal refers to a multi-parametric evaluation of energy-efficient building design in
a structure’s life cycle [3]. Within the latter class, the present work combines BIM modeling
and machine learning techniques to evaluate the influencing factors of building energy
performance and provides a practical and easy to use tool for energy efficiency analyses
of typical residential buildings. The adoption of BIM provides an unlimited capability to
simulate the structure and develop energy models for any type and size of building, design
characteristics, environmental factors, etc.

3. Methodology

The traditional methods of building energy performance assessment, via analytical
calculations, are quite tedious and of low accuracy. This is because they rely on simplified
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assumptions and limited data that do not fully reflect the linkage of various factors with
energy consumption. To address these limitations, a more comprehensive and integrated
approach is needed, which considers all relevant factors with their interrelationships. The
advancement of building information modeling (BIM) can significantly contribute to energy
performance assessment upgrades, the optimal design of new buildings, and the retrofitting
of existing ones.

While BIM tools can effectively carry out the desired analysis, the process of compara-
tively assessing alternative building designs requires the development of each individual
BIM design. There are many of these designs and they can be quite different in terms of their
characteristics, making the whole process arduous and time-consuming. On the other hand,
the existence of a ready-to-use digital solution that could instantly provide an estimate of
the building energy performance, based on some prevailing characteristics, without the
need to develop each BIM model, could provide a great decision support in designing high-
energy-performance buildings. To obtain such a solution, a two-step process is required,
which includes the identification of the prevailing parameters and their interrelationships,
as well as the energy performance assessment based on those parameters.

In the present study, a set of parameters that influence the building energy performance
are developed based on research findings and practical experience. Then, an experiment
is performed with alternative sets of these parameters, and the corresponding energy
performance is assessed via a BIM application. The input–output set of this process is
used to develop artificial prediction models, employing alternative methods of machine
learning. A typical group of residential buildings is examined. The energy performance of
buildings depends on several parameters with varying levels of contributions. In this work,
the ones that have been highlighted in the literature and in practice as having a significant
impact on the energy performance of structures are considered. These factors are generally
related to the architectural design, the characteristics of the building shell, and the climatic
conditions in the area and are in agreement with previous studies [28–30]. The analysis
involves eleven main parameters that considerably influence the energy performance of
such buildings. These parameters are codified in Table 1 and schematically illustrated in
Figure 1. The location parameter corresponds to four different climatic zones, in terms of
the average temperature, as is further described in the case study section.

Table 1. Description of design factors and corresponding values.

Description Parameter Values Model Values

X1 Masonry thickness 15, 20, 25 cm 15, 20, 25
X2 Wall insulation thickness 2, 3, 5 cm 2, 3, 5
X3 Slab thickness 15, 20 cm 15, 20
X4 Slab insulation thickness 2, 3, 5 cm 2, 3, 5
X5 Window-to-wall ratio 15%, 20%, 30% 15, 20, 30
X6 Window glass type Single, double 1, 2
X7 Climate zone at building location Zone 1, 2, 3, 4 1, 2, 3, 4
X8 Building orientation South, North, East, West 1, 2, 3, 4
X9 Roof existence Yes, No 1, 2
X10 Basement existence Yes, No 1, 2
X11 Building size 1 floor, 2 floors 1, 2

Energy Efficiency Analysis of Buildings Utilizing BIM

This section describes the methodology to assess the energy efficiency of buildings
using building information modeling (BIM) technology. This assessment is based on simu-
lated data that have come from full building modeling. The energy efficiency assessment is

122



Energies 2025, 18, 201

performed via the quantitative parameter of energy consumption. The methodology can be
used in the early design process of buildings for providing decision support for selecting
appropriate features for a design.

Figure 1. Schematic representation of design parameters.

The BIM design of a building starts with architectural modeling, in which the building
elements with their characteristics (geometric dimensions, materials, supplier info, etc.) are
entered in the 3D digital model. Then, the building structural characteristics are entered in
the model and the building/shell design is created. Finally, the HVAC (heating, ventilation,
and air conditioning) design is integrated. The whole building design process is dynamic
and subject to continuous revisions and improvements. The BIM model, due to its high
interoperability, is continually updated and provides a powerful model and a vivid picture
of the alternative designs to all stakeholders. Figure 2 illustrates the BIM modules and their
involvement in building energy modeling. Specifically, 3D-BIM is used for modeling the
design characteristics of the building (Figure 2a). The solar path and the sunlight radiance
components, which are shown in Figures 2b and 2c, respectively, are tools that determine
the sun orbit and the intensity and distribution of natural lighting at the building’s location
as well as their effect on energy consumption. Finally, the energy model is a BIM tool that
calculates the energy consumption of a building with specific characteristics (Figure 2d).

BIM technology provides significant benefits in interpreting and quantifying the actual
condition of a building, while it further allows for the simulation of user behavior. By
incorporating energy simulations into the BIM model, alternative designs can be explored,
and energy-efficient solutions can be identified. In this direction, BIM-based building
energy assessment is crucial in promoting sustainable construction.

In the following analysis, different pieces of terminology are used in terms of the aim
and the output variable of the model. “Energy efficiency” refers broadly to the capability of
the building to provide comfortable temperature conditions for inhabitants at relatively low
energy consumption rates. “Energy consumption” represents the quantitative assessment
of the required energy to attain acceptable levels of comfort and represents the model
output variable. “Energy estimation or prediction” highlights the process of calculating the
energy consumption level of an existing building or forecasting the energy consumption of
a newly designed or reconstructed building.
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(a) (b)

(c) (d)

Figure 2. Digital 3D/BIM and energy models of a two-story residential building. (a) 3D/BIM model;
(b) Solar path; (c) Sunlight radiance; (d) Energy model.

4. Model Development

The energy consumption of a building is affected by several parameters associated
with the characteristics of the building and its surroundings. To obtain a generic energy as-
sessment model, the actual building design and energy performance should be analyzed on
a parametric basis. This objective can be fulfilled if a representative set of input parameters
are developed, and the corresponding energy consumption outputs are computed. Next,
a machine learning technique can be employed to develop the corresponding artificial
model.

Two general approaches for developing the artificial energy prediction model are
examined in this paper. The first includes statistical methods in the form of curve fitting by
means of statistical regression analysis (SRM model). The second class includes machine
learning techniques, namely decision trees (DT model), random forest (RF model) and
artificial neural networks (ANN model). All these methods are particularized as alternatives
to energy performance assessments based on BIM modeling and aimed to involve low-effort
calculations and provide wide applications without restrictions (Figure 3).

Figure 3. Flowchart of machine-learning-based energy performance assessment.
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4.1. Multiple Nonlinear Regression Model

The approximation of the relationship between energy consumption and the factors
that leverage it on a statistical ground can be elaborated through regression. The use
of multiple nonlinear regression requires the selection (or assumption) of the nonlinear
relationship type between input and output data. In many cases, however, the use of
multiple nonlinear regression is not sufficient (for strong nonlinear problems), as the
relationship type is confined within the available software libraries. Stata software allows
for switching among different parameter combinations and exponents (Equation (1)),
thus facilitating the determination of functional relationships. Equation (1) describes the
general form of the SRM model [31], where Y is the output parameter (e.g., in kWh/m2

or EUR/m2 per year), X is the vector of the independent variables, and Bi and Pi are the
model coefficients and exponents.

Y = B0 + B1 · Xp1 + B2 · Xp2 + . . . (1)

4.2. Machine Learning Model
4.2.1. Decision Trees (DTs)

In terms of machine learning techniques, the first method employs decision trees
(Figure 4). Decision trees (DTs) provide a graphical representation of problem solving
through gradual decisions. They can be used in problems with numerical and classification
data, being more effective in resolving problems of the latter type. A decision tree algorithm
is a way of creating a tree-like model which makes decisions based on the features of the
data. The tree starts with a single node known as the root node, which represents the entire
dataset. The root node is then split into two or more child nodes based on the values of one
of the features in the dataset. This process is repeated for each child node retrospectively,
creating a hierarchical structure of nodes that represents the decision process. The algorithm
selects the feature that best separates the data into subsets with similar target values to
split the data at each node. This is accomplished by gauging the information gain of each
feature. The information gain is a measure of how well a feature separates the data into
subsets with similar target values. Eventually, the feature with the highest information
gain is chosen to split the data at that node. The process of splitting the data continues
recursively until it reaches a stopping criterion, i.e., a set of rules that determine when the
algorithm should stop creating new nodes. This could be the maximum tree depth, the
minimum number of samples per leaf, or the minimum information gain. Once the tree is
built, it can be used to make predictions. Each leaf node of the tree represents a prediction
for the target variable. The structure of the tree allows one to represent the decision process
and the decision boundary in a readable format.

In the current application, the parameters related to the architectural design, the
building frame characteristics, and the climate parameters are set up in a question form
and the energy efficiency is set up as a decision output (assessment). These components are
combined through a learning process to create a decision tree that can be used to estimate
energy costs. However, in many cases, if the decision-making process consists of several
steps, the decision trees can grow extensively. Still, due to the ease and supervision they
offer, DTs are popular and practical tools in decision-making processes.
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Figure 4. Schematic illustration of a decision tree algorithm.

4.2.2. Random Forests (RFs)

A combination of DT algorithms is often developed to form a random forest algorithm
(RF). Random forests (RFs) use a series of different decision trees combining the individual
predictions to enhance the accuracy of the output. Figure 5 indicates such a structure with
N decision trees. The RF algorithm is powerful and accurate for both problem classes, i.e.,
regression and classification.

Figure 5. Schematic illustration of random forest algorithm.

An RF algorithm builds multiple decision trees (also known as “forests”) and combines
their individual predictions to a final decision. A random sample is selected from the
dataset for training each decision tree. A random subset is selected for each decision tree for
splitting the data at each node. Then each decision tree is trained on its sample of data and
selected features. The predictions from all decision trees are finally combined by taking, for
instance, the majority of votes for classification problems, or averaging the predictions for
regression problems. An advantage of random forests compared to decision trees is the
reduced overfitting outcome.

4.2.3. Artificial Neural Network (ANN)

Artificial neural network (ANN) methods are particularly useful in cases in which
the cost of implementing an analytical computational process is high or if the way that
influencing factors interact is not well known. The ANN structure consists of several input
nodes (which refer to the input parameters) and intermediate neurons arranged in layers to
process the input data, as well as the output node (Figure 6). The efficiency of an artificial
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neural network is determined by its architecture and the learning process. The selection of
the number of neurons, their layers, and the way that they are connected depend on the
problem’s nature and characteristics. ANN learning is the process of acquiring knowledge
through training examples, which is then recalled, providing an output in similar problems.
Neural network operation is based on the transmission of a signal from the initial neurons
(input layer) to the final neuron (output layer). Depending on the neuron connection
characteristics, the signal is attenuated or amplified during its propagation, so that the
physical quantity in the last neuron is calculated.

Figure 6. Schematic representation of neural network algorithm.

When developing machine learning models, a balance between model and actual
problem complexities should be retained. In this sense, it is not always effective to use
large-scale (several input parameters) or complex (in architecture) models. The employment
of such a model does not necessarily guarantee more precise predictions. This is because the
increase in size and complexity makes the model hypersensitive [32] to such an extent that
it cannot work for out-of-training data due to overfitting. On the contrary, a simple model
may exhibit high deviation between simulated and actual output data due to underfitting.
The above inefficiencies can be regulated by the two complementary error types, variance
and bias, which indicate overfitting and underfitting conditions, respectively. An effective
model should retain balance between the two errors and be obtained by a trial-and-error
development process.

In summary, four compact models are developed based on non-linear multivariate
regression, decision trees, random forests, and artificial neural networks. More specifically,
the statistical regression modeling (SRM) approach is employed, utilizing Stata 18 software
to develop a non-linear and multivariable regression model. The decision tree model
consists of 7 levels and 24 terminal nodes and has been trained using the C4.5 algorithm
(https://en.wikipedia.org/wiki/C4.5_algorithm (accessed on 10 December 2024)). The
random forest model includes five trees (with the same form as that in DT model) and has
also been trained using the C4.5 algorithm. The root mean square error (RMSE) statistic is
used as the objective (loss) function. The number of epochs in both models (DT and RF) is
in the order of 1000.

A multi-layer perceptron (MLP) architecture is implemented for neural network de-
velopment. The MLP structure consists of 11 input neurons corresponding to the input
variables, a hidden layer of 11 neurons, and an output neuron. An activation function
of a sigmoid form is employed for the hidden and the output layers. The specific de-
sign efficiently serves as a trade-off between model accuracy and simplicity, following
experimentation on alternative designs to prevent overfitting and underfitting issues. The
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training process has been carried out using the Levenberg–Marquardt algorithm, which is
a variant of the back-propagation method. The number of epochs is in the order of 5000.

5. Data Management and Development Software

The model’s effectiveness highly depends on the size and quality of the available data.
In this work, the necessary data have been developed from simulation and parametric
analysis of buildings through BIM application. The input parameter selection was made in
a way that data are rather representative of all eleven design parameters in Table 1 within
a reasonable range of values. The generated sample includes 337 arrays of input–output
data. The dataset is randomly divided into training, validation, and testing subsets in
proportions of 70%, 15%, and 15%, respectively.

According to [33], the training sample size in such type of analysis should be above
an approximate level of fifty plus eight times the number of independent parameters.
Further, the work in [34] proposes that 10 to 15 observations per parameter are required
to avoid overfitting in statistical and machine learning models. In the present work, the
training sample size is roughly twice as high as these levels. As such, it can assure that the
model complexity (overfitting) is controllable, and the estimates are statistically reliable
and representative of the population, thus avoiding underfitting.

The energy consumption assessment is performed using Autodesk Revit and Green
Building Studio (GBS) software (https://gbs.autodesk.com/gbs). Revit has been used
to develop the building model while GBS provides energy analysis and consumption
optimization. The framework for the evaluation of energy assessment and decision making
is illustrated in Figure 7.

Figure 7. Process flow diagram for data generation.
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6. Case Study

6.1. Input Data

A typical residential building is analyzed as part of the case study. The structure
consists of two or four apartments, as per the architectural form in Figure 8, over one or two
floors. Building type A includes two apartments each with an area of 212 m2 that are placed
either side by side (single floor) or on top of each other (two-floor configuration). Building
type B includes four apartments each with an area of 212 m2 that are placed either side
by side (single floor) or on top of each other (two-floor arrangement). The exact building
formations are shown in Figure 9.

Figure 8. BIM architectural model of a single apartment.

(a)

(b)

Figure 9. (a) Digital 3D/BIM model of type A buildings with one or two floors. (b) Digital 3D/BIM
model of type B buildings with one or two floors.
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Each apartment is a typical four-person family flat. Rooms are cooled and heated via
an HVAC system. Rooms are classified into three common typical thermal zones. The first
includes the kitchen and the living room, the second comprises the bedrooms, and the third
the corridors and bathrooms. Two thermostats—one for heating and one for cooling—are
considered. The set points for heating and cooling are at 24 ◦C and at 21 ◦C, respectively.
The electric loads (for lighting and equipment) are determined based on the number of
residents and defined as Watt (W) per square meter (m2).

Regarding the location parameter (X7), four different climatic zones are considered,
based on ambient conditions in Greece and represented by four cities, as shown in Figure 10.
These cities are Chania, Patras, Ioannina, and Florina with average annual temperatures of
17.2 ◦C, 15.5 ◦C, 12.8 ◦C, and 10.4 ◦C, respectively (https://en.climate-data.org).

Figure 10. Climatic zones of representative cities in Greece.

To determine the impact of each influencing factor, a default parameter setting is
considered. Each factor is then altered to another value, and the effect on energy con-
sumption cost is computed. A bar graph that represents the effect of each factor on the
annual energy cost is estimated for each building type (Figure 11). The graph displays the
percentage change in energy consumption per each factor when shifting from the default to
a new value. The default parameter values are shown in the graph legend. Positive values
indicate an increase and negative values indicate a reduction in energy consumption. The
annual cost estimate is based on a unit energy cost of 0.12 EUR/KWh.
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(a)

(b)

Figure 11. (a) Effect of design parameters for building type A. (b) Effect of design parameters for
building type B.

The main observations from Figure 11 are as follows:

• The overall view of the two diagrams indicates that individual factors play a similar
role in terms of energy consumption or savings in both building types. A rather flat
proportion of 1.85 to 1.00 in terms of total energy consumption is observed in these two
cases. This is as expected, as type B buildings are more environment-proof, being more
condensed than type A buildings. This outcome may highlight an energy performance
pattern for buildings of larger sizes.

• The highest influence is observed in terms of the location and the corresponding
climatic conditions (parameter X7). For instance, moving from zone 2 (Patras) to zone
4 (Florina), the energy consumption is increased by 13.37% and 12.36% for building
types A and B, respectively.
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• The presence of adjacent buildings has a positive effect on energy efficiency. This is
observed by comparing building configurations 2 and 4 in Figure 9, with the energy
savings in the latter case calculated to be 8.80%.

• The energy consumption is increased in one-story compared to two-story structures
(parameter X11) by 7.23% and 6.91% for building types A and B, respectively.

• The existence of a roof (parameter X9) within the basic scenario results in energy
savings of 6.24% and 6.23% for building types A and B, respectively.

• The window-to-wall ratio (parameter X5) increases from 15% (in the basic scenario)
to 30%, leading to increases in energy consumption of 5.08% and 5.25% for building
types A and B, respectively.

• Likewise, the thickness variation in the external wall insulation (parameter X2) from
one level to another has an influence of about 3% in all cases. The wall thickness itself
plays a marginal role in all cases.

• All other parameters have a contribution of less than 2% to energy consumption.

6.2. Models of Energy Performance Prediction

Equation (2) provides the best-fitting relationship for estimating annual energy con-
sumption as a function of the eleven independent factors, as derived from the fractional
polynomials in the statistical regression model (SRM).

y = −0.12 X1 − 0.52 X2 + 0.05 X3 − 0.16 X4 + 3.72 X5 − 0.31 X6
+1.06 X7 − 0.99 X8 + 0.98 X9 − 0.10 X10 − 1.10 X11 + 21.30

(2)

Figure 12 presents an illustrative part (due to size limitations) of the developed
decision tree (DT) model in a self-explanatory graphical form. The random forest (RF) and
the neural network (NN) cannot be easily rendered in a graphical way due to their size.
The RF consists of multiple decision trees, which makes it difficult to visualize the entire
model. The NN structure is rather standardized and globally known. Nevertheless, typical
structures of these models are presented earlier in Figures 5 and 6, respectively. The DT
model includes 7 levels and 24 end nodes, with part of it being displayed in Figure 12. The
RF model consists of 5 individual decision trees. The ANN model is structured upon 11
input nodes, 11 intermediate nodes, and 168 variables in total.

Figure 12. Partial graphic illustration of the DT model.

Table 2 presents the energy consumption estimates, which are derived from the
four models for indicative datasets, and the corresponding reference values, which are
derived from the BIM model. The results indicate that the model output values do not
greatly deviate from each other or from the corresponding reference values. To obtain
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some quantitative measures, the deviations from the associated reference values are in
the ranges of 0.51% to 10.6%, 0.56% to 2.15%, 0.21% to 4.88%, and 0.14% to 1.65% for the
SRM, DT, RF, and NN models, respectively. The results highlight the ML model as the
best-performing one.

Table 2. Comparison of results of alternative methods.

Annual Energy Consumption (EUR/m2)

Model-SRM Model-DT Model-RF Model-ANN BIM

1 19.00 18.52 18.39 18.12 18.15
2 15.02 14.49 14.30 14.31 14.33
3 17.45 17.26 17.84 17.14 17.01
4 16.57 16.12 15.92 16.04 15.78
5 17.84 17.39 17.28 17.52 17.75
6 16.77 16.12 15.88 15.92 16.03
7 20.50 22.78 22.19 23.30 22.93
8 17.75 17.37 17.32 17.48 17.27
9 13.26 13.72 14.02 13.37 13.44

10 19.20 18.52 18.71 18.76 18.79

6.3. Model Performance Assesment

Statistical indicators (RMSE, PMRE, and correlation coefficient) are used to evaluate
the dependencies between machine learning model output and actual observations. Further,
the F-test is a statistical criterion to determine whether model results fit the observed ones.
The corresponding mathematical relationships are given in Equations (3)–(5).
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where xi is the observed value, yi is the predicted value, xmean and ymean are the correspond-
ing mean values, and n is the sample size.

For in-depth performance appraisal of the developed models (SRM, DT, RF, and ANN),
appropriate statistical analysis indexes are computed (Table 3). They include the root mean
square error (RMSE), the percent mean relative error (PMRE), and the correlation coefficient
(R2). The F-test is further used for contrasting the goodness of fit between the observed and
the estimated values. The results indicate that the decision tree (DT), random forest (RF),
and artificial neural network (ANN) models exhibit improved performance compared to
the statistical regression model (SRM), as indicated by the error indices (RMSE and PMRE)
and the correlation coefficient (R2). Among pure ML methods, the ANN model presents
the best performance and satisfies the F-test in every dataset. The other two methods (DT
and RF) partially satisfy the F-test only in the validation and testing datasets.

More specifically, the RMSE of the ANN model output ranges from 0.1278 to 0.2759 for
individual data subsets and is 0.1840 for the full dataset. On the other hand, the SRM model
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presents much higher RMSE values in the order of 0.7514 and 0.8525 in the data subsets
and 0.8329 in the full dataset. Similarly, the PMRE values for the ANN model are between
0.54% and 1.23%, while for the SRM, they are from 3.63% to 3.78%. Finally, the F-test is fully
satisfied in all tests of the ANN model, partly satisfied in the cases of the DT and RF models
(in validation and training subsets), and not satisfied in any dataset of the SRM model.
Interestingly, the performance in the validation and testing subsets occasionally appears to
be higher than that resulting from the training subset. This effect may be attributed to the
randomness of data segmentation in the three subsets. The observed peculiarity is rather
insignificant as the model characteristics are not considerably affected. Additionally, this
is an indication that the model does not overfit. The superior performance of ML models
is due to their inherent ability to model nonlinear relationships and complex interactions
among input parameters. Further, ML models hold the ability to adapt to data of different
types and sources, which makes them suitable for use in problems with high complexity.

Table 3. Model performance indicators.

Model
Root Mean
Square Error
(RMSE)

Percent Mean
Relative Error
(PMRE)

Correlation
Coefficient
(R2)

F-Test

All dataset F 2, 335, 0.05 = 3.03

SRM 0.8329 3.74% 0.8810 171.55
DT 0.4930 2.17% 0.9460 7.06
RF 0.2722 1.15% 0.9836 5.46
ANN 0.1840 0.75% 0.9925 2.71

Training F 2, 233, 0.05 = 3.04

SRM 0.8525 3.76% 0.8797 119.56
DT 0.4822 2.02% 0.9498 6.70
RF 0.2302 0.96% 0.9888 5.51
ANN 0.1278 0.54% 0.9965 1.60

Validation F 2, 49, 0.05 = 3.19

SRM 0.8190 3.78% 0.8190 23.43
DT 0.5455 2.63% 0.9341 1.15
RF 0.3744 1.74% 0.9688 0.20
ANN 0.2759 1.19% 0.9820 1.01

Testing F 2, 49, 0.05 = 3.19

SRM 0.7514 3.63% 0.7514 28.22
DT 0.4871 2.40% 0.9400 2.34
RF 0.3241 1.43% 0.9727 1.54
ANN 0.2692 1.23% 0.9820 0.14

The model performance comparison can be further visualized in graphical form as
in Figures 13–16. These figures illustrate the comparison of the model output with the
reference (target) values that have been produced by BIM simulation. The main diagrams
show the range and dispersion of the dataset output and target points in relation to the
diagram diagonal line, which indicates full convergence. The histograms above and to
the right show the distribution of target and model values within their respective ranges.
In an ideal convergence case, the two histograms would retain the same distribution.
The multi-faceted presentation facilitates a better understanding and interpretation of
the results, highlighting the accuracy and effectiveness of the proposed models. These
diagrams reveal that, in general, there is an acceptable level of convergence between the
observed and predicted values with all models. In a more detailed assessment, the ANN
(mainly) and the RF present a stronger relationship between the two set values. Finally,
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the error distributions of the four prediction methods are shown in Figure 17. The ANN
model presents the best performance with zero average values and low standard deviation.
Instead, other method distributions shift to non-zero average values and present higher
standard deviation values.

Figure 13. Convergence of observed and predicted values by the SRM.

Figure 14. Convergence of observed and predicted values by the DT model.
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Figure 15. Convergence of observed and predicted values by the RF model.

Figure 16. Convergence of observed and predicted values by the ANN model.
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Figure 17. Error distribution between target values from BIM simulation and output from developed
models.

The research development and the case study results indicate that the proposed
methodology can provide energy cost estimates easily and effectively at the very early
design stage of typical residential buildings. Additionally, development and testing for
specific building types and characteristics have been performed. The experiment shows
that this research, in its current form, can have notable potential for scalability and can be
extended to different building structures, places, and environments. More importantly,
the adoption of BIM provides unlimited capability to develop energy models for any type
and size of buildings, design characteristics, environmental factors, etc. Another important
aspect is that building energy performance is highly affected by human-related factors,
such as occupant number and behavior in relation to energy usage patterns, or operational
and maintenance practices, which exhibit significant variability and uncertainty in energy
consumption. Although such parameters may be marginally known at the early design
phase, they may be incorporated in the modeling in a parametric or stochastic way. The
above issues can be investigated as part of future research.

As a final note, the results of this work are qualitatively consistent with those in the
literature. However, a comparative quantitative analysis that would enable meaningful
comparisons with and evaluations using previous models and research works is not
feasible, as the individual studies’ data structures are not fully comparable. Nevertheless,
the evaluation of ML model performance is universally performed through the training,
testing, and validation processes, which also depend on the size and representativeness of
the data used.

In summary, the proposed methodology integrates a BIM simulation, parametric
evaluation, and automated estimation of building energy consumption with a simple and
effective GUI. The outcome of this effort is the development of ML models that can assess
the energy consumption of buildings with distinct characteristics with various levels of
performance. These models can effectively assist building designers and researchers in
making decisions. The proposed methodology has the advantage of developing energy
performance models without the need for the existence or collection of actual data. Instead,
it relies on simulated data that can be extracted by consistent BIM-based simulations. Al-
though the current development is confined to a (common) class of residential buildings,
the above capability can highly support the repeatability, scalability, and extensibility aims
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of model development within a practical range of application. In the absence of such mod-
els, each individual building design should undergo an energy analysis of several potential
solutions based on a multi-parameter evaluation. Another contribution is the development
of a simple-to-use GUI (which is described in the next section) for obtaining energy con-
sumption estimates at the early design stage, without the need for comprehensive building
modeling and wide energy analyses of alternative building design configurations.

7. Graphical User Interface

The study has developed a method for estimating the long-term energy performance
of buildings. BIM technology has been elaborated for the simulation of energy consumption
analysis and machine learning techniques to predict building energy efficiency. A drawback
of machine learning techniques is their unsuitability for real-life problems. To overcome
this obstacle, a user-interface tool has been developed to facilitate the model application
(Figure 18). In this application, the user simply inserts the appropriate design parameter
values and presses the “Calculation” button. An instant energy consumption calculation is
provided based on the selected parameters without any other manual input or calculation.

Figure 18. Graphical user interface for energy consumption estimation.

The integration of the trained artificial neural network (ANN) into the graphical user
interface (GUI) has been performed using the synaptic weights of the developed model.
The ANN model includes 168 parameters, representing the network weight and bias factors.
The model has been implemented in Visual Basic programming language, which is suitable
for interface development.

8. Conclusions

The energy performance of buildings has become a main concern globally in view of
increased energy demand, the environmental impacts of energy production, and the reality
of energy poverty in many areas. To increase building energy efficiency, proper building
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design should be implemented starting at the early design phase or when retrofitting
decisions regarding existing buildings need to be made. Digital tools are currently available
for performing energy assessment analyses in the form of building information modeling
(BIM) and building energy modeling (BEM), and they can efficiently handle complex
and technically demanding buildings. However, alternative designs should be subject
to individual analyses, and this makes the process time-consuming and prone to errors.
Machine learning techniques, on the other hand, can ameliorate such deficiencies and
provide effective and easy-to-use tools for such analyses.

In this paper, representative residential buildings are considered along with eleven
factors that affect energy performance. A dataset of 337 instances of such parameters is
developed. For each dataset, the building energy performance is estimated based on a BIM
simulation. Next, statistical and machine learning techniques are implemented to provide
artificial models of energy performance. They include statistical regression modeling
(SRM), decision trees (DTs), random forests (RFs), and artificial neural networks (ANNs).
The above models are appropriately trained, tested, and validated using the dataset.

The case study results reveal that building energy consumption is mainly affected
by the local ambient conditions, the number of building floors (one or two), the existence
of adjacent buildings, the presence of a roof, and the window-to-wall ratio. Regarding
the prediction models, the evaluation results from the case study indicate that all artificial
models present satisfactory (for practical use at the early design phase) levels of conver-
gence to the observed values. The comparative evaluation highlights the ANN as the
best-performing model, with high statistical performance indicator values. Calculating
the modeling energy efficiency of buildings via machine learning techniques appears to be
an attractive approach to overcome the computational cost of creating energy efficiency
simulations. Further, to enhance the model’s applicability, a user interface tool has been
developed into which the design parameters of the eleven influencing factors are inserted
and the energy cost is instantly calculated.

The experiment in the case study indicates that the proposed models can be directly
extensible and scalable, at least within a reasonable parameter extrapolation range. For
out-of-range cases, the process of developing the required dataset and training machine
learning models can be presumably extended to any type and size of building, along with
the rest of the influencing parameters. In a similar path, the development can incorporate
human-related factors, which highly affect energy consumption.

The proposed methodology integrates BIM simulations, parametric evaluations, and
automated estimations of building energy consumption with a simple and effective GUI.
In particular, it provides a useful and handy tool for energy consumption estimations of
buildings with varying characteristics without the need for acquiring and using actual data,
as it develops these data via a BIM simulation. Another contribution is the development of
a simple and easy-to-use GUI for calculating the energy consumption and comparatively
assessing the energy performance of alternative building design configurations.
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Abstract: In the article, the authors attempted to analyze the impact of such materials
factors as surface emissivity, surface roughness, air gap thickness, and type of concrete
on heat transport in the microstructure of vertical multilayer building walls. The surface
analysis conducted using three-dimensional modeling tools provided information about
the formation of its microstructure before and after the application of a reflection-smoothing
coating, which has a direct impact on the emissivity of the surface and was reduced from
0.93 to 0.29. Thermal analyses demonstrated that after applying the reflective coating,
thermal resistance increased significantly in the air gap, by approximately 86%, which
resulted in a 28% improvement of the evaluated walls samples. The studies have shown
that increasing the gap thickness between concrete and thermal insulation results in a
thermal resistance increase. It is feasible to enhance the thermal insulation of walls while
simultaneously reducing their thickness, a development that holds significant potential for
application in the production of prefabricated sandwich panels. The statistical analyzes
performed showed significant differences between the analyzed configurations.

Keywords: heat transfer in walls; CFD; surface emissivity

1. Introduction

A key issue in improving the thermal insulation of buildings is the reduction of heat
loss through the building envelope, which accounts for up to 25% for walls and 30% for
roofs [1,2]. The mechanisms of heat transfer by conduction in single- and multi-layer walls
are well-studied, investigated, and described [3,4]. However, the complex mechanism
of heat transfer between rough surfaces, involving simultaneous conduction, convection,
and radiation, requires further analysis [5]. Understanding heat transfer phenomena
in building structures is a critical aspect from the perspective of energy efficiency and
durability. Analyzing these phenomena enables the optimization of construction and
insulation methods for new buildings and the improvement of retrofitting techniques for
existing structures [6].

The issue of heat transfer in multilayer partitions is further complicated by their
porous and heterogeneous structure. The heat transfer mechanisms in civil engineering
structures described to date have not accounted for the influence of microstructure in gap
regions on the contact thermal resistance of layered constructions [7–11].
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This study addresses an issue not yet explored in the existing scientific literature,
specifically involving the determination of the heat transfer coefficient, with a particular
focus on calculating thermal contact resistance values with varying surface preparations on
the side of air gaps in walls. Conducting a geometric and thermal analysis of the considered
materials and their contact area provided insights into the actual thermal conditions and
their impact on the insulation parameters of the building partition. In order to carry out
research, authors used tools for numerical fluid mechanics, which was preceded by the
construction of three-dimensional models reflecting the multi-layer building walls working
conditions. Reverse engineering tools were used to reproduce the surface shape, before
and after the application of reflective smoothing coating. The research focused on change
in heat transport by radiation and thermal resistance in air gaps between materials and
was carried out according to the chart presented in Figure 1.

Figure 1. Research flow chart.

1.1. Thermophysical Phenomena Occurring in Multilayer Walls

In the case of the temperature distribution at specific points in a body determined
solely by position T = f(x,y,z), it is referred to as steady-state heat transfer. However, if
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the temperature also depends on time T = f(x,y,z,τ), transient heat transfer occurs. In
practice, unsteady heat transfer typically occurs in building partitions. Nevertheless, due
to relatively slow in time changes of thermal and moisture conditions in typical building
partitions, steady-state conduction is most often assumed. The heat flux flows exclusively
in an environment with a temperature difference, from areas of higher temperature to areas
of lower temperature, until equilibrium is reached [12].

Heat transfer, depending on the type of medium, can occur through [13]:

• Conduction—characteristic of solids, it is described by Fourier’s law, which relates
the heat flux density at a specific point in a body to the temperature gradient at that
point (1):

q = −λ∇T
[
W/m2

]
(1)

• Convection—characteristic of liquids and gases, the solution for fluid region bases
on the continuity equation, the momentum conservation equation, and the energy
equation, when heat is added to a fluid and the fluid density varies with temperature,
a flow can be induced due to the force of gravity acting on the density variations.
Such buoyancy-driven flows are termed natural-convection (or mixed-convection)
(2)–(4) [14,15].

∇ · (ρv) = 0 (2)

 (3)

 (4)

• Radiation—characteristic of solids in a gaseous medium. In this article, a two-layer
vertical wall consisting of a structural layer insulated with polystyrene is analyzed,
where heat transfer is realized through all three modes of exchange: conduction in the
structural layer, thermal insulation and adhesive, as well as convection and radiation
in the air gap [12,14], where the amount of heat exchanged by radiation from the
surface to the surface (heat flux) can be described by the Formula (5):

Q1−2 = ε1−2CC ϕ1−2F1

[(
T1

100

)4
−

(
T2

100

)4
]

(5)

The thermal resistance of joints in building walls depends on several factors, including
inter alia (the value of the temperature of the bodies in the contact zone, the value of the
temperature of the cores of the bodies, the roughness and waviness of the surface, and
the size of the joints [16–18]). In the analyzed work, the effect of changing the distance
between concrete and thermal insulation was examined, which results from the technology
of thermal insulation of buildings in the ETICS system [19,20]. An important role in heat
transport in the air gaps is played by the emissivity of the surface, which can be modified by
applying reflective and smoothing coatings used in the experiments presented in the article.

1.2. Problem Formulation

The European Union committed itself to reducing the Union’s economy-wide net
greenhouse gas emissions by at least 55% by 2030 below 1990 levels in the updated na-
tionally determined contribution submitted to the UNFCCC Secretariat on 17 December
2020 [21], whereas by 2050, all buildings should meet zero-energy requirements. In recent
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years, numerous publications have highlighted challenges related to improving the thermal
performance of building envelopes to meet these requirements [22–24].

Thermal studies are being conducted on innovative materials [25], windows [26],
heat transfer within multilayer walls [27] and at the joints of building envelopes [28].
Very detailed studies are conducted leading to even slight improvements, among other,
research on wall corners insulated with PIR boards with aluminum facing, demonstrated
that thermal coupling coefficient (L2D), with PU glue is equal to 0.2834 W/(mK), whereas
without PU glue: 0.2948 W/(mK) [29]. Research on phenomena occurring in air gaps is
particularly challenging due to the complexity of the processes involved, hence numerical
techniques are applied to conduct analyses [30,31]. Air gap studies carried out by Saber
H. H., have shown that for single and double airspaces subjected to an upward heat flow,
the effective thermal resistance changed significantly with a changing AR (enclosed region
aspect ratio) for the full range of effective emittance of the enclosed airspace [22]. However,
previous studies on heat transfer in multilayer walls [32–34] have not accounted for thermal
phenomena occurring in air gaps after modifications to the structural layer and changes in
its emissivity. Authors of this article conducted research to solve and describe these issues.

To prepare the digital layered wall models, materials were collected that accurately
represent the actual heat transfer phenomena occurring in vertical external building. The
selected fragment represents a wall made of two layers: structural material in the form
of concrete 0.24 m thick and insulating material in the form of polystyrene 0.20 m thick,
which is mounted to the wall with adhesive mortar. The study did not take into account
the plaster on the outside and inside of the wall, because its share is insignificant in the
heat transport, it is difficult to clearly determine its thickness and it often depends on the
thickness of the installations that it has to cover.

According to the ETICS (External Thermal Insulation Composite System), the thickness
of the adhesive varies between 10 mm and 20 mm, and it creates an air gap in which
combined heat transport is carried out by conduction, heat radiation and convection, hence,
for the study, three thickness ranges have been adopted: 10, 15 and 20 mm. According
to the guidelines [20,35], the adhesive mortar is applied to polystyrene boards using the
circumferential point method, as a result of which it fills approx. 35% of the board surface,
while the rest is filled with air. For better illustration of the phenomena occurring in the air
gaps, a fragment of thickness between 70 and 80 mm (depending on the width of the gap)
and an area of 0.1 m2 was distinguished for further analysis (Figure 2).

Figure 2. Model of a section of the layered wall subjected to testing.

The following material designations were adopted:
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B concrete R.23;

Z concrete R.23.1;

S polystyrene;

KL adhesive mortar for polystyrene;

P air;

PR reflective smoothing coating, acrylic enamel spray.

Samples, as well as the components of the R.23 and R23.1 concrete mixtures, were
obtained from the company, which specializes in the production of pre-casting elements
for residential, industrial and road construction. The formulation of the analyzed R23 and
R23.1 concretes was developed as part of research and development activities within the
company, focusing on the production of innovative, architectural self-compacting concrete
mixtures. The difference in the composition of the concrete mix R23 and R23.1 consisted of
reducing the superplasticizer from 3.1 to 2.9 kg/m3 and adding the ingredient bonding
accelerator in the amount of 2.3 kg/m3, which resulted in increased workability of the mix.

Thermal analyses were conducted on 54 samples in the simulation studies which
preceded categorized by concrete, gap thickness, and filling of the gap between the layers,
and were summarized in Table 1. Wall layer systems were divided into three groups,
assigned a code to facilitate statistical analyses. Each code included three samples with
structural layers made from Z-type concrete and three with B-type concrete. The differences
between them resulted from the filling of the space between the thermal insulation and the
structural layer, which was denoted by the symbol d, with an adopted value of 10, 15 or
20 mm. In the system described by code 0, the closed gap is filled with air where no turbu-
lent fluid motion occurs. In the Code 1 model, the space is filled with adhesive, and heat
transfer occurs exclusively through conduction. In contrast, the Code 2 model replicates a
configuration with an air-filled gap, where the structural layer is additionally coated with
a reflective-smoothing layer. Prior to computer simulations, the CFD environment was
configured to incorporate the physical properties of the samples, environmental conditions,
and thermal resistances, following thermophysical algorithms derived from laboratory
research. Both systems accounted for variations in the gap thickness between the thermal
insulation layer and the structural layer within the specified ranges analyzed in this study.

Table 1. Analyzed layered wall systems, classified by code, type of concrete and air gap thickness.

Code 0 1 2

Concrete Type Z1 B1 Z1 B1 Z1 B1

d = 0.01 m
Z1+P10+S B1+P10+S Z1+KL10+S B1+KL10+S Z1+PR+P10+S B1+PR+P10+S

Z1+P10+S B2+P10+S Z2+KL10+S B2+KL10+S Z2+PR+P10+S B2+PR+P10+S

Z1+P10+S B3+P10+S Z3+KL10+S B3+KL10+S Z3+PR+P10+S B3+PR+P10+S

d = 0.015 m
Z1+P15+S B1+P15+S Z1+KL15+S B1+KL15+S Z1+PR+P15+S B1+PR+P15+S

Z2+P15+S B2+P15+S Z2+KL15+S B2+KL15+S Z2+PR+P15+S B2+PR+P15+S

Z3+P15+S B3+P15+S Z3+KL15+S B3+KL15+S Z3+PR+P15+S B3+PR+P15+S

d = 0.02 m
Z1+P20+S B1+P20+S Z1+KL20+S B1+KL20+S Z1+PR+P20+S B1+PR+P20+S

Z2+P20+S B2+P20+S Z2+KL20+S B2+KL20+S Z2+PR+P20+S B2+PR+P20+S

Z3+P20+S B3+P20+S Z3+KL20+S B3+KL20+S Z3+PR+P20+S B3+PR+P20+S
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1.3. Modification of Heat Transfer by Radiation Through the Reduction of Surface Irregularities

It is a well-known phenomenon that the emissivity of a surface depends strongly on
its roughness. Agabov [36,37] developed a simple yet effective method for determining
the emissivity of rough surfaces with uniform thermal and reflective properties. As shown
in Figure 3, he modeled local surface roughness as a depression in area Ar and examined
the total radiation leaving the ideally smooth reference surface As, taking into account the
effects of reflections from the actual surface Ar [36].

Figure 3. Modeling the behavior of incident flux on surface irregularities [36].

Agababov described the relationship between the emissivity of a gray body’s surface
and its geometry using the Formula (6):

εr =

[
1 +

(
1
εs

− 1
)

Rrs

]−1
(6)

where the roughness coefficient of the gray body Rrs is (7):

Rrs =
As

Ar
(7)

For a rectangular cavity with side length l, where the surface area As is l2, and the
surface Ar is discretized into M-micro-surfaces, the roughness of the body is expressed by
the Formula (8):

Rrs =
l2

∑M
i=1 Ari

(8)

Based on these relationships and working with three-dimensional models, Zezhan [37]
proposed a method for determining surface emissivity that accounts for its roughness in
three steps:

1. measuring the root mean square roughness Sq,
2. determining Ar and calculating the coefficient Rrs from Formula (8),
3. calculating εs of the reference surface.
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1.4. Solving Thermal Problems of Heat Transfer in CFD

Numerical fluid mechanics, or computational fluid dynamics (CFD), is a method used
to solve equations describing fluid flow, system behaviors, heat transfer, mass transfer, and
other similar physical phenomena [38–40]. Its application provides essential information
on the distribution of velocity fields, pressure fields, heat movement, temperature fields,
and other associated phenomena [28,41–43]. CFD enables the analysis of issues without the
need for time-consuming and costly experimental studies [44–46]. However, simulation
studies should be preceded by verification and validation of the model under real or
laboratory conditions. CFD methods are applied in simulations of pressure drops during
fluid flow, lift forces on aircraft wings, rotor thrust, airflow in air conditioning systems,
temperature distribution in rooms, mixing processes, and more [28,47–49].

The Ansys Fluent program was chosen for thermal calculations due to its advanced
calculation engine, module that allows it to import 3D geometry from reverse engineering
programs and module for determining the results of calculations taking into account heat
transfer paths. The phenomena occurring in the partition were calculated using the finite
volume method (FVM), which is a numerical technique that converts volume integrals with
divergence terms into surface integrals using the divergence theorem [25,50]. This allows
for partial differential equations to be expressed and solved as algebraic equations within
the FVM framework.

2. Materials and Methods

2.1. Collection of Geometric Data on the Concrete Surface Before and After the Application of the
Reflective Smoothing Coating

Three-dimensional surface measurements of the samples (Figure 4a) were performed
using the ATOS Core 3D optical scanner, (LENSO SP. Z O.O., Poznań, Poland) with a
single scan field of 0.2 × 0.15 m, camera resolution of 5 MP, and sensor dimensions of
0.21 × 0.21 × 0.06 m. Data collection (points in space) was carried out using triangulation
and recorded in GOM Scan software (2019, GOM GmbHa ZEISS, Braunschweig, Germany),
where the point cloud was processed into a triangular mesh (polygonization).

(a) (b)

Figure 4. Sample B1: (a) view of B1 sample surface, (b) an isometric view of the 3D scanned model of
B1 sample surface with a color-coded interpretation of depressions and peaks.

Surface metrology of the scanned samples was conducted based on representative
point clouds using MountainsLab Premium software by Digital Surf, version 8.1. Detailed
morphometric measurements, geometric profiles, roughness analysis, assessments of sur-
face waviness and spatial locations of these phenomena were performed [51]. Parameters
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defining surface topography, including height, frequency, hybrid, and functional char-
acteristics were also determined [51–53]. Advanced software options allowed for the
visualization of 3D surfaces in 24-bit resolution with real-time manipulation. Rendering
with color palettes was applied (Figure 4b) and measurement data were cleaned using an
advanced filter to remove anomalies, which facilitated the detection of surface features and
potential irregularities.

After scanning and conducting surface structure analysis, sheet piling meshes have
been converted into solids from which the models of multilayer walls were assembled in 3D
computer-aided design software. Models consisting of three solids representing: concrete,
polystyrene and air have been converted to .sat format and implemented to the environment
of computational fluid mechanics in order to conduct heat transfer simulations.

The emissivity of the surface was examined using a custom-designed and constructed
setup, which consisted of a measurement system: Flir T440bx thermal imaging camera
(Teledyne FLIR LLC., Wilsonville, OR, USA) mounted on a tripod, an enclosure to limit am-
bient emissions and point reflections, a heating system with a thermostat to raise the sample
surface temperature by 20 ◦C, and a multi-channel temperature recorder with probes [53].
Research methodology was based on guidelines provided in the literature, the FLIR device
manual, and the instructions from the FLIR Tools/Tools+ software manual [54,55].

2.2. Boundary Conditions Implemented into the Model in the Computer Fluid Dynamics Program

For heat transport calculations using numerical fluid dynamics, the Ansys Fluent
program (2020 R1) was used, which conducted the thermal issues considered in the article
using the finite volume method. The simulation was preceded by importing the wall model,
describing the model, assigning physical properties of materials and describing the model
into finite volumes (Figure 5a). The volume of geometrical model is divided into 33 million
cells using periodic system at the side surfaces for reducing size of the model but with
regards to wider area of real multilayer wall at the buildings. A stationary tetrahedral
non-structural mesh is used for calculations, as shown in the Figure 5a. That type of mesh
allows for a simplified process of mesh creation compared to structural mesh which can
be difficult to process at unregular scanned surfaces. The mesh density is mainly due to
the irregularity of the scanned surfaces. Because the important role of natural convection
is expected inside the air gap, the proper wall layer was created with five layers with the
inflation coefficient set to 1.1. Y+ boundary layer thickness takes values below 20. Default
parameters of k-w were assumed.

(a) (b)

Figure 5. Model of multilayer partition with representation of the surface shape in the CFD program
window: (a) during mesh discretization, (b) visualization of temperature distribution after performing
heat transport simulations.
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Boundary conditions are assumed as follows:

• wall temperature at the warm side of the wall t = 30 ◦C,
• wall temperature at the cold side of the wall t = 10 ◦C,
• periodic boundary condition at the side surfaces of the air gap,
• heat flux equal to 0 at the side surfaces of the solid regions (pseudo one-dimensional

heat transfer in solid regions),
• coupled heat transfer at the inner surfaces of the air gap with the emissivity

assumed, respectively.

Results of the simulation were converted into the values of the heat transfer coefficient
and thermal resistance of each layer, and after post-processing, they were presented in a
graphic form with visualization of temperature distribution (Figure 5b).

For a diffuse surface, the reflectivity is independent of the incidence and reflection
directions. In models analyzed in the paper, in which the space between the layers is
filled with air, the equation transport (5) for flux leaving the surface k is determined in the
Ansys [56–58] from (9):

qout,s = εsσT4
k + ρk + qin,k (9)

The turbulent flow model has been adopted with a model k −ω SST, which combines
the advantages of the model k − ε and model k −ω, and introduces an additional compo-
nent limiting the overproduction of kinetic energy of turbulence in areas of strong positive
pressure gradients (dam points, areas of detachment of the boundary layer) [59,60]. The
assumed model of the real gas-air is an incompressible ideal gas, in which the density is
determined from the Clapeyron ideal gas equation [61,62]. The radiative heat flow for the
air void was determined using the S2S (surface-to-surface) model [63]. The S2S radiation
model in Ansys assumes that surfaces are diffusible. The emissivity and absorption of the
grey surface is independent of the wavelength, and according to Kirchoff’s law, they are
equal (ε = α) [10,64,65].

2.3. Collection and Processing of Results from the CFD Analyses

For the purpose of determining the heat transfer coefficient of the analyzed wall
models, formulas for U (10) were derived taking into account the total heat flux

.
Q, which

is obtained from the numerical analyses conducted.

U =

.
Q
A

/(T1 − T2) (10)

To determine the U-value, it was also necessary to obtain information on the interior
and exterior surface temperatures of the component and implement the physical prop-
erties of the models, which values for B1+P20+S model was recorded and presented in
Table 2. Using computational fluid dynamics (CFD) tools, it was also possible to identify
the heat transport paths and determine the value of the heat flux transferred through
radiation

.
QRAD.

For the accurate interpretation of the impact of changes in the emissivity of the
construction layer’s surface on thermal phenomena occurring in the analyzed walls, it was
necessary to determine the thermal resistances in the air gaps between the concrete and the
thermal insulation using Equation (11):

RS =
(A·ΔT)

.
Q

(11)
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where
ΔT = TB_SRC − TS_TRG

Table 2. Summary of results and parameters implemented into the algorithms in order to determine
and compare the U of partitions, for the model in the B1+P20+S configuration.

.
Q W 0.1778

.
QRAD W 0.1221

A m2 0.009

d m 0.08

T1
◦C 30

T2
◦C 10

U W/m2K 0.9852

λz W/mK 0.079

For each of the 54 analyzed cases, calculations were performed according to
Formulas (6) and (7), which were compiled in spreadsheets presented for a selected model
constructed of B1 concrete without a coating and with a 20 mm air gap between the
structural layer and the polystyrene (Table 3).

Table 3. Summary of the results and parameters implemented in the algorithms to determine the
thermal resistances of gaps, for model in the B+P20+S configuration.

.
Q W 0.1778

TB_SRC
◦C 29.3

TS_TRG
◦C 26.3

ΔT ◦C 3.0

A m2 0.009

RS (m2K)/W 0.1513

2.4. Determination of Samples Roughness Parameters

Among parameters describing surface roughness, four groups can be distinguished:
hybrids, volumes, functional and heights in which the most important for the course of
thermal phenomena considered in the work in terms of emissions are: Sq and Sku. Sku is
the kurtosis of the 3D surface texture, respectively [3,66]. Figuratively, a histogram of the
heights of all measured points is established and the symmetry and deviation form an ideal
normal (i.e., bell curve) distribution, while mathematically, it is evaluated as follows (12)
and (13):

Sku =
1
S4

q

√�
a

(Z(x, y) 4
)

dxdy (12)

where:

Sq =

√�
a

(Z(x, y) 2
)

dxdy (13)

Sku indicates the presence of inordinately high peaks/deep valleys (Sku > 3.00) or lack
thereof (Sku < 3.00) making up the texture. If the surface heights are normally distributed
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(i.e., bell curve), then Ssk is 0.00 and Sku is 3.00. Surfaces described as gradually varying,
free of extreme peaks or valley features, will tend to have Sku < 3.00.

Sq, root mean square roughness, is evaluated over the complete 3D surface, respec-
tively. It represent an overall measure of the texture comprising the surface and is insensi-
tive in differentiating peaks, valleys and the spacing of the various texture features [67].
Thus, Sq may be misleading in that many surfaces with grossly different spatial and height
symmetry features (e.g., milled vs. honed) may have the same Sq, but function quite
differently [68].

The results of the analysis of surface roughness before and after applying the reflective
coating indicate a significant, nearly tenfold, reduction in the depressions and peaks on
the concrete surface after the application of the coating (Table 4). These results may have a
significant impact on heat transfer because the reflection of radiation on smooth surfaces is
specular, whereas on matte surfaces it is diffuse and more readily absorbed.

Table 4. Change in the height parameters of the B1 sample surface before and after applying a
reflective and smoothing coating.

Parameter
B1 Z1

+PR +PR

Root Mean Square Roughness Sq μm 1.88 4.20 2.47 5.52
Kurtosis of the 3D surface

texture Sku 4.47 0.55 5.62 0.69

3. Results

3.1. Development and Presentation of the Overall Research Results

The application of a low-emissivity coating on the concrete surface adjacent to the
polystyrene layer significantly improves the thermal insulation properties of the entire
partition and reduces the wall’s thermal transmittance coefficient.

After applying the reflective and smoothing coating, the U-value of thermal transmit-
tance for models constructed with B-type concrete was reduced by 27.8% for a 10 mm air
gap, 38.1% for a 15 mm gap, and 42.1% for a 20 mm gap (Figure 6a). Thus, the average
reduction in the U-value of thermal transmittance achieved for the analyzed layered par-
tition models was 36.0%. Similarly, after applying the reflective and smoothing coating,
the U-value of thermal transmittance for models constructed with Z-type concrete was
reduced by 28.2% for a 10 mm air gap, 38.7% for a 15 mm gap, and 43.0% for a 20 mm gap
(Figure 6b). Consequently, the average reduction in the U-value of thermal transmittance
achieved for the analyzed layered partition models was 36.6%.

(a) (b)
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Figure 6. Change in heat transfer coefficient U of multilayered wall models after applying a reflective
coating: (a) to the concrete surface B1, (b) to the concrete surface Z1.
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For both layered models with B-type and Z-type concrete, the U-value is lowest when
the distance between the structural layer and the thermal insulation is 15 mm (Figure 7).
A slight correlation was observed between changes in the thickness of the air-filled gap
and the U-value. In the B+P+S models, reducing the gap thickness to 10 mm resulted in an
increase in the thermal transmittance coefficient by 1.3%, while increasing the gap thickness
to 20 mm caused a 1.3% increase compared to models with a 15 mm gap. Similarly, for
the Z+P+S models, reducing the gap from 15 mm to 10 mm led to a 1.1% increase in the
thermal transmittance coefficient, whereas a gap thickness of 20 mm resulted in a 0.9%
increase compared to models with a 15 mm gap.
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/(m
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Figure 7. Change in heat transfer coefficient of multilayered wall models depending on the air
gap thickness.

To investigate the statistically significant differences in heat transfer across various
constructions, the following parameters were used: thermal resistance of the wall, thermal
resistance of the air gap, categorize the models based on the gap-filling material, air gap
thickness, emissivity of the concrete surface involved in radiative heat exchange, kurtosis of
the 3D surface texture (Table 5). For each studied characteristic, a representative number of
eighteen samples was used. Identical measurement conditions were ensured for all samples.
The analyses considered simulation results conducted in a computational fluid dynamics
environment on layered component models in the baseline configuration (Table 1) and the
results of the heat transport studies are presented in Table 5. The measurements exhibit a
certain degree of variability.

Table 5. Comparison of parameters of surface type B1 before and after applying a reflective and
smoothing coating.

No. Type Class d Rs Rp ε Sku
[m] [(m2K)/W] [(m2K)/W]

1 Z1+P10+S 0 10 0.1311 0.9872 0.93 5.616
2 Z2+P10+S 0 10 0.1295 0.9867 0.93 14.079
3 Z3+P10+S 0 10 0.1296 0.9870 0.93 9.802
4 Z1+P15+S 0 15 0.1474 0.9982 0.93 5.616
5 Z2+P15+S 0 15 0.1474 0.9978 0.93 14.079
6 Z3+P15+S 0 15 0.1472 0.9979 0.93 9.802
7 Z1+P20+S 0 20 0.1504 0.9956 0.93 5.616
8 Z2+P20+S 0 20 0.1505 0.9956 0.93 14.079
9 Z3+P20+S 0 20 0.1503 0.9954 0.93 9.802
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Table 5. Cont.

No. Type Class d Rs Rp ε Sku
[m] [(m2K)/W] [(m2K)/W]

10 Z1+KL10+S 1 10 0.0228 0.9921 0.93 5.616
11 Z2+KL10+S 1 10 0.0227 0.9921 0.93 14.079
12 Z3+KL10+S 1 10 0.0228 0.9921 0.93 9.802
13 Z1+KL15+S 1 15 0.0343 1.0063 0.93 5.616
14 Z2+KL15+S 1 15 0.0342 1.0062 0.93 14.079
15 Z3+KL15+S 1 15 0.0342 1.0063 0.93 9.802
16 Z1+KL20+S 1 20 0.0457 1.0204 0.93 5.616
17 Z2+KL20+S 1 20 0.0456 1.0204 0.93 14.079
18 Z3+KL20+S 1 20 0.0457 1.0204 0.93 9.802
19 Z1+PR+P10+S 2 10 0.2440 1.2663 0.29 0.691
20 Z2+PR+P10+S 2 10 0.2425 1.2623 0.29 1.732
21 Z3+PR+P10+S 2 10 0.2445 1.2670 0.29 1.206
22 Z1+PR+P15+S 2 15 0.2900 1.3851 0.29 0.691
23 Z2+PR+P15+S 2 15 0.2889 1.3814 0.29 1.732
24 Z3+PR+P15+S 2 15 0.2904 1.3856 0.29 1.206
25 Z1+PR+P20+S 2 20 0.2940 1.4236 0.29 0.691
26 Z2+PR+P20+S 2 20 0.2933 1.4214 0.29 1.732
27 Z3+PR+P20+S 2 20 0.2942 1.4246 0.29 1.206
28 B1+P10+S 0 10 0.1319 1.0017 0.93 4.470
29 B2+P10+S 0 10 0.1316 1.0018 0.93 9.283
30 B3+P10+S 0 10 0.1322 1.0024 0.93 7.213
31 B1+P15+S 0 15 0.1474 1.0154 0.93 4.470
32 B2+P15+S 0 15 0.1474 1.0155 0.93 9.283
33 B3+P15+S 0 15 0.1475 1.0156 0.93 7.213
34 B1+P20+S 0 20 0.1513 1.0150 0.93 4.470
35 B2+P20+S 0 20 0.1513 1.0154 0.93 9.283
36 B3+P20+S 0 20 0.1514 1.0153 0.93 7.213
37 B1+KL10+S 1 10 0.0229 0.9985 0.93 4.470
38 B2+KL10+S 1 10 0.0228 0.9984 0.93 9.283
39 B3+KL10+S 1 10 0.0228 0.9984 0.93 7.213
40 B1+KL15+S 1 15 0.0343 1.0126 0.93 4.470
41 B2+KL15+S 1 15 0.0342 1.0126 0.93 9.283
42 B3+KL15+S 1 15 0.0343 1.0126 0.93 7.213
43 B1+KL20+S 1 20 0.0457 1.0268 0.93 4.470
44 B2+KL20+S 1 20 0.0457 1.0268 0.93 9.283
45 B3+KL20+S 1 20 0.0457 1.0268 0.93 7.213
46 B1+PR+P10+S 2 10 0.2454 1.2812 0.29 0.551
47 B2+PR+P10+S 2 10 0.2444 1.2790 0.29 1.142
48 B3+PR+P10+S 2 10 0.2453 1.2812 0.29 0.887
49 B1+PR+P15+S 2 15 0.2908 1.4024 0.29 0.551
50 B2+PR+P15+S 2 15 0.2901 1.4008 0.29 1.142
51 B3+PR+P15+S 2 15 0.2908 1.4026 0.29 0.887
52 B1+PR+P20+S 2 20 0.2950 1.4432 0.29 0.551
53 B2+PR+P20+S 2 20 0.2946 1.4422 0.29 1.142
54 B3+PR+P20+S 2 20 0.2951 1.4434 0.29 0.887

CFD analysis, by its nature, is time-intensive and demands significant computational
resources. Direct application of CFD tools to building thermal design or control poses
numerous challenges. A potential solution lies in translating CFD results into efficient
statistical models. Differentiation between various material configurations (Classes 0, 1, 2)
can be achieved using statistical methods and artificial intelligence. In this context, group
statistical tests for data distribution and machine learning classification models prove to be
particularly valuable.
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3.2. Statistical Analysis

Preliminary comparison of variable distributions across individual groups can be
conducted using box plots. These plots graphically present central tendencies, variability,
and skewness of the data. A box plot illustrates the median (line inside the box), skewness
as the position of the median, dispersion as the interquartile range (IQR, length of the
boxes), and outliers (points outside the whiskers). The box plots of the Rs, Rp and Sku
values summarized in Table 5 are presented in Figure 8.

Figure 8. The box plots of the input data set.

The tabular summary of independent variables (Table 5) shows a finite set of values
taken by the variables d (three values) and eps (two values) for all values of the dependent
variable (Class). This means that they do not introduce additional information to the
analysis and can be excluded from it. For the remaining independent variables (Figure 6),
the largest statistical differences occur for the Rs values, clearly distinguishing all three
classes (0, 1, and 2). The Rp values also allow for distinguishing the individual classes,
but the differences between class 0 and 1 are less noticeable. Meanwhile, the Sku values
show differences only for two groups (0–1 and 2). Nevertheless, it is worth emphasizing
that even simple descriptive statistics, presented graphically in the form of box plots,
show significant differences in the case of material configuration with an air gap and an
additional reflective-smoothing coating (class 2).

More information regarding the statistical differences between observations can be
provided by statistical tests. Here, the non-parametric Kruskal–Wallis test was chosen,
which is used to compare at least two independent groups. This test is an alternative
to one-way ANOVA but does not assume normality of the data distribution. Using the
implementation of the Kruskal–Wallis test from the scipy package (Scipy v1.14.1), we
compared the groups of features Rs, Rp, and Sku. At a significance level of α = 0.01, the null
hypothesis (H0) was formulated as follows: the medians of all groups are equal, indicating
no significant differences between the groups in terms of the median. Conversely, the
alternative hypothesis (H1) posits that at least one of the groups differs in median from
the others, suggesting significant differences between the groups in terms of the median.
Given the p-value of (8.96 × 10−27) at a significance level of α = 0.01, we can reject the null
hypothesis (H0). This extremely low p-value indicates that there are significant differences
between the groups in terms of their medians.

4. Conclusions

Surface metrology has shown that the application of a reflective-smoothing coating
significantly affects the configuration of the surface microstructure, particularly the kurtosis
of the 3D surface texture, resulting in an almost tenfold reduction in irregularities on aver-
age, which have a direct impact on the emissivity of the surface, which was reduced from
0.93 to 0.29. Thermal analyses conducted have shown that, in accordance with transport
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phenomena theory, there is a significant reduction in the density of heat flux exchanged
through radiation in air gaps, by approximately 86%, which resulted in a 28% improvement
of the evaluated walls samples. This approach enables the enhancement of wall thermal
insulation while simultaneously reducing their thickness, making it particularly applicable
in the construction industry, especially for prefabricated sandwich panels.

Heat transfer in the analyzed, closed air gaps between concrete and thermal insulation
occurs primarily through radiation. The thickness of the gap affects the heat exchange
phenomena. The studies have shown that for the Z+P+S models, increasing the gap
thickness from 10 mm to 15 mm results in a thermal resistance increase average of 13%,
and from 15 mm to 20 mm of 2%. After applying the reflective and smoothing coating,
these values were 18% and 1%, respectively. For models constructed from Z concrete,
the proportions were very similar. This leads to the conclusion that increasing the air
gap thickness from 10 mm to 15 mm is more advantageous, as it is associated with the
occurrence of convective movements in larger gaps, and the coating enhances thermal
insulation of walls.

A further research direction is to conduct CFD simulations and explore statistical cor-
relations between changes in the surface emissivity of polystyrene through the application
of a reflective coating and variations in thermal resistance within the air gaps of multilayer
walls. This approach could be implemented in practice at the stage of production of ETICS
system components, increasing the availability of the solution.
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Nomenclature

As surface area [m2],
CC blackbody radiation coefficient equal to 5.77 [W/(m2K)],
d air gap thickness [m],
g gravitational vector,
h enthalpy [J/kg],
l length,
p static pressure [Pa],
q heat flux density [W/m2],
qin,k flux of energy incident on the surface from the environment [W/m2],
qout,k flux of energy leaving the surface [W/m2],
Rp thermal resistance of the wall [(m2K)/W],
Rs thermal resistance of the air gap [(m2K)/W],
Rrs roughness coefficient of the gray body,
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Sku kurtosis of the 3D surface texture,
Sq root mean square roughness [mm],
T temperature [K],
T1 interior surface temperature [K],
T2 exterior surface temperature [K],
TB_SRC surface temperature of the concrete on the air gap side [K],
TS_TRG surface temperature of the polystyrene on the air gap side [K].
Greek symbols
εs surface emissivity,
ε1−2 equivalent emissivity,
λ thermal conductivity [W/(mK)],
ρ density [kg/m3],

stress tensor,
v velocity vector,
ϕ1−2 configuration ratio.
Acronyms
CAD Computer Aided Design,
CFD Computational Fluid Dynamics,
EPS Expanded Polystyrene Insulation,
ETICS External Thermal Insulation Composite System,
FVM Finite Volume Method,
RBF Radial Basis Functions,
SST Shear-Stress Transport.
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Abstract: Air velocity is one of the key parameters affecting the sensation of thermal comfort. In
mixing ventilation, the air is most often supplied above the occupied zone, and the air movement in
a room is caused by jets that generate recirculating flows. An effective tool for predicting airflow in a
room is CFD numerical modeling. In order to reproduce the air velocity distribution, it is essential to
select a proper turbulence model. In this paper, seven Eddy–Viscosity RANS turbulence models were
used to carry out CFD simulations of a sidewall air jet supplied into a room through a wall diffuser.
The goal was to determine which model was the most suitable to adopt in this type of airflow. The
CFD results were validated using experimental data by comparing the gross and integral parameters,
along with the parameters of the quasi-free jet model. The numerical results obtained for Std k-ε and
EVTM models were most consistent with the measurements. Their error values slightly exceeded
15%. On the contrary, the k-ω and RNG k-ε models did not reproduce the quasi-free jet parameters
correctly. The research findings can prove beneficial for simulating air distribution in supplied air jets
during the initial conceptual phases of HVAC system design.

Keywords: ventilation; air distribution; sidewall jet; CFD prediction; validation; eddy viscosity
turbulence model

1. Introduction

Properly organized air distribution in rooms should ensure thermal comfort and high
air quality with the lowest possible energy consumption. Requirements regarding thermal
conditions in rooms, depending on the category of the indoor environment, are specified
in various standards [1,2]. The sensation of thermal comfort is significantly influenced by
air velocity. This parameter can also improve the circulation and distribution of fresh air,
which can reduce the concentration of pollutants and thus affect the air quality in the room,
as well as limit the spread of viruses and bacteria. COVID-19 diffusion is a problem linked
to indoor air ventilation [3,4]. Poor ventilation can lead to higher concentrations of viral
particles, increasing the risk of infection among occupants. Effective indoor air ventilation
plays a crucial role in mitigating the spread of COVID by diluting and removing airborne
contaminants, thus reducing the likelihood of transmission within indoor environments.

In mixing ventilation, the air is most often supplied above the occupied zone, and the
air movement in a room is caused by jets that generate recirculating, i.e., induced secondary
flows. The air speed in the occupied zone is very highly correlated with the momentum flux
of the supplied jet [5,6]. The terms velocity and speed are used as synonyms in everyday
language. In this paper, we use these terms as defined in ANSI/ASHRAE 113-2005 [7].
According to this standard, velocity and speed are different physical quantities. Velocity

is a vector quantity,
→
U = i Ux + j Uy + k Uz, while speed is a scalar quantity, i.e., it is the

value of the modulus of the velocity vector, W =

∣∣∣∣→U
∣∣∣∣ = (

U2
x + U2

y + U2
z

)1/2
.

A comparison of various advanced air distribution systems, which mainly depend on
the type and location of supplied jets, is presented in a prior review paper [8]. The simplest
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tool for designing air distribution systems is based on engineering models of ventilation air
jets. However, these models do not provide complete information about the air distribution
in the entire room. An effective tool for predicting airflow, both in the supplied jets and in
the occupied zone, is CFD numerical modeling [5].

The quality of CFD modeling depends on many factors, such as the adopted turbu-
lence model, the type of discretization grid and number of cells, the way the boundary
conditions are defined, and others. All these factors are sources of uncertainty for the
CFD calculation results. Therefore, validation of the CFD codes, which means assess-
ing the uncertainty of simulation results by comparing them with experimental data, is
necessary [9–12]. Uncertainty quantification analysis is essential for enhancing the reliabil-
ity, robustness, and applicability of flow dynamic simulations in various engineering and
scientific applications [13,14].

1.1. Turbulence Models

To obtain reliable CFD results, accurate turbulence modeling is necessary. The tur-
bulence model should be selected and adapted to the type of flow. Some experience and
knowledge in this field are also needed.

Air distribution in a room can be modeled with the use of various turbulence models
that are available in computing software, e.g., Ansys CFX 22.1 [15]. The first group of
turbulence models is the Reynolds-Averaged Navier–Stokes Equation (RANS), which includes
turbulence models from Eddy–Viscosity Models (EVM) and Reynolds Stress Models (RSM)
subgroups. Moreover, the Unsteady RANS (URANS) and vortex-resolving Large Eddy
Simulation (LES) turbulence models are available. The LES technique directly solves the
filtered Navier–Stokes equations, thus solving large scales of motion. Smaller scales are
modeled with a suitable sub-grid scale model (SGS). A review and discussion of the prospects
of LES development are presented in a previous paper [16].

The averaged equations of the RANS turbulence models include expressions contain-
ing the fluctuating components, the so-called Reynolds stresses, which are considered as
the impact of turbulence on the average airflow. Their presence means that the system
of the Reynolds equations is not a closed one. Each turbulence model based on time-
averaging differs in the way it determines the values of Reynolds stress and, thus, creates
the equations that close the system.

In the EVM group, the turbulent viscosity coefficient υt is introduced to determine the
values of Reynolds stress describing the local state of turbulence and, unlike the molecular
coefficient υm, it is a variable dependent on location and time. EVM models differ in
the method of determining this coefficient. The names of the models are related to the
number of transport equations based on which this coefficient is calculated. In the zero-
equation model, the differential transport equations are not used to determine turbulent
viscosity, and only algebraic equations containing empirical coefficients are used. However,
the zero-equation model has a weak physical basis; it is not recommended for use in
numerical predictions.

The one-equation Eddy–Viscosity Transport Model (EVTM) includes a single transport
equation to determine the turbulent viscosity coefficient. One of the most popular turbu-
lence models is the two-equation k-ε model, which consists of two differential transport
equations: the turbulence kinetic energy k equation and the turbulence energy dissipation
rate ε. Its modified form is the Re-Normalisation Group (RNG) k-ε model, in which the
transport equations are the same, but the constants of the model are different. It was
developed for highly turbulent isotropic flows. One of the advantages of another popular
model, the two-equation k-ω model (in which k is the turbulence kinetic energy and ω

is the turbulence vorticity), is that is provides a more accurate method of calculating the
boundary-layer flows for low Reynolds numbers compared to the k-ε model. The model
does not require the modifications that are necessary in this region in the k-ε model. It is
used in the standard version, known as the Wilcox k-ω model, as well as in the Baseline (BSL)
k-ω model and the Shear Stress Transport (SST) model created by combining it with the k-ε
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model. The BSL model integrates the k-ω model close to solid walls with the standard
k-ε model presuming distance from them. The SST model is also a combination of the
k-ω model (in the inner boundary layer) and the k-ε model (in the outer boundary layer
and beyond), but additionally a limitation of the value of shear stress in the area of the
reverse pressure gradient is implemented in it. This model is frequently recommended for
calculating the airflow of supply jets. The EVM RANS turbulence models available in the
ANSYS CFX 22.1 software are presented in Table 1.

Table 1. EVM RANS turbulence models available in the ANSYS CFX 22.1 software.

Zero Equation Model

One-Equation Model EVTM model

Two-Equation Models

k-ε model
Standard k-ε

RNG k-ε

k-ω model

Wilcox k-ω

BSL k-ω

SST

In the one-equation Eddy–Viscosity Transport Model (EVTM) the transport equation of
turbulent viscosity coefficient υt is used:

∂ρ

∂t
νt +

∂ρVjνt

∂xj
= c1ρνtS − c2ρ

(
νt

Lνk

)2
+

[(
μ +

ρνt

σ

)
∂υ

∂xj

]
(1)

where υ is the kinematic viscosity coefficient of the vortex, νt is the turbulent viscosity
coefficient of the vortex, and σ is a constant in the model. The model includes a decay term
Lνk

2 which expresses the turbulence structure and is based on the Karman length scale.
The two-equation k-ε model consists of two differential transport equations:

• Turbulence kinetic energy k, which is a measure of the portion of energy flow that
arises from velocity fluctuations:

∂(ρk)
∂t

+
∂

∂xj

(
ρVjk

)
=

∂

∂xj

[(
μ +

μt

σk

)
∂k
∂xj

]
+ Pk − ρε + Pkb (2)

• Turbulence energy dissipation rate ε, which is a measure of the conversion of turbulent
kinetic energy into heat per unit time:

∂(ρε)

∂t
+

∂

∂xj

(
ρVjε

)
=

∂

∂xj

[(
μ +

μt

σε

)
∂ε

∂xj

]
+

ε

k(Cε1Pk − Cε2ρε + Cε1Pεb)
(3)

where Cε1, Cε2, σk and σε are constants, Pkb and Pεb represent buoyant forces, and Pk
expresses the production of turbulence caused by viscous forces:

Pk = μt

(
∂Vi
∂xj

+
∂Vj

∂xi

)
∂Vi
∂xj

− 2
3

∂Vk

(∂xk)
(

3μt
∂Vk
∂xk

+ ρk
) (4)

The turbulent viscosity coefficient is related to the model parameters through a correlation:

νt = Cμρ
k2

ε
(5)

where Cμ is a constant.
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The Re-Normalisation Group (RNG) k-ε model is based on the mathematical technique of
renormalisation group in reference to the Navier–Stokes equations. The transport equations
for turbulence generation and its dissipation are the same as in the standard k-ε model,
whereas the difference lies in the model’s constants, the constant Cε1 is replaced by the
constant Cε1RNG.

The standard Wilcox k-ω model assumes that the turbulent viscosity coefficient is
related to the turbulence kinetic energy and the turbulence frequency through the equation:

νt = ρ
k
ω

(6)

This model resolves two transport equations:

• Turbulence kinetic energy k:

∂(ρk)
∂t

+
∂

∂xj

(
ρVjk

)
=

∂

∂xj

[(
μ +

μt

σk

)
∂k
∂xj

]
+ Pk − β′ρkω + Pkb (7)

• Turbulence vorticity ω:

∂(ρω)

∂t
+

∂

∂xj

(
ρVjω

)
=

∂

∂xj

[(
μ +

μt

σω

)
∂ω

∂xj

]
+ α

ω

k
Pk − βρω2 + Pωb (8)

where Pk is the turbulence generation rate, Pkb and Pωb are terms accounting for thermal
buoyancy. β′, β, α, σk, σω are constants in the model.

In the Baseline (BSL) k-ω model the Wilcox model equation is multiplied by an appro-
priately selected transition function F1, while the transformed k-ε model is multiplied by
the function 1-F1. F1 equals 1 near the surface and decreases to 0 outside the boundary
layer (it is a function of distance from the wall). Therefore, at the edge of the boundary
layer and outside it, the computational model becomes the standard k-ε model.

In the SST model, to reduce the shear stress values in separated flow, a limit is imposed
on the calculated value of the turbulent viscosity coefficient:

υt =
α1k

max(α1ω, SF2)
(9)

where F2 is a blending function similar to F1, which imposes a limitation only for the wall
boundary layer. S is a quantity describing the rate of deformation.

1.2. Impact of Turbulence Model on CFD Results

The scientific literature includes examples of numerous research articles related to
the numerical modeling of turbulent airflows in ventilated buildings. For many years, the
influence of turbulence models from the RANS, URANS, and LES groups on the accuracy of
predicting air distribution in rooms has been tested [17–24]. Various boundary conditions
were also considered, i.e., inlet geometry, supply air velocity, Reynolds number, isothermal
or non-isothermal flows, as well as inlet turbulence quantities: kinetic energy, intensity,
dissipation rate, and scale length. Exemplary results from related studies are presented in
refs [25–29]. Selected representative studies conducted in this area in the last few years are
presented in Table 2.

164



Energies 2024, 17, 1261

T
a

b
le

2
.

O
ve

rv
ie

w
of

C
FD

va
lid

at
io

n
st

ud
ie

s
of

th
e

ai
r

je
ts

at
di

ff
er

en
td

is
tr

ib
ut

io
n

sy
st

em
s

in
ro

om
s.

A
u

th
o

rs
(Y

e
a

r)
[R

e
f.

]
T

y
p

e
o

f
A

ir
fl

o
w

in
R

o
o

m
M

e
th

o
d

/T
u

rb
u

le
n

ce
M

o
d

e
l

V
a

li
d

a
ti

o
n

M
e

th
o

d
C

o
n

cl
u

si
o

n
/P

re
fe

rr
e

d
M

e
th

o
d

a
n

d
T

u
rb

u
le

n
ce

M
o

d
e

l

G
ur

gu
la

nd
Fo

rn
al

ik
-W

aj
s

(2
02

3)
[3

0]
Im

pi
ng

in
g

ro
un

d
je

t
SS

T
k-

ω
,R

N
G

k-
ε,

In
te

rm
itt

en
cy

Tr
an

si
tio

n
M

od
el

(S
ST

k-
ω

),
Tr

an
si

tio
n

SS
T,

v2 -f

C
om

pa
ri

so
n

of
ca

lc
ul

at
ed

lo
ca

lN
us

se
lt

nu
m

be
r

di
st

ri
bu

ti
on

w
it

h
lit

er
at

ur
e

ex
pe

ri
m

en
ta

ld
at

a
an

d
in

le
tv

el
oc

it
y

pr
ofi

le
w

it
h

D
N

S
si

m
ul

at
io

n

SS
T

k-
ω

,S
ST

k-
ω

,a
nd

In
te

rm
itt

en
cy

Tr
an

si
tio

n
m

od
el

s
ha

ve
th

e
be

st
ag

re
em

en
tw

it
h

ex
pe

ri
m

en
ta

la
nd

nu
m

er
ic

al
da

ta

C
he

n
et

al
.(

20
22

)[
31

]
Fo

rc
ed

,n
at

ur
al

,a
nd

m
ix

ed
co

nv
ec

ti
on

R
A

N
S/

D
at

a-
dr

iv
en

R
N

G
k-

ε,
co

nv
en

tio
na

l
R

N
G

k-
ε

LE
S/

W
A

LE
,a

nd
Sm

ag
or

in
sk

y–
Li

lly
su

bg
ri

d
sc

al
e

A
rt

ifi
ci

al
ne

ur
al

ne
tw

or
k

w
as

us
ed

to
de

te
rm

in
e

th
e

co
ef

fic
ie

nt
of

hi
gh

-o
rd

er
te

rm
s;

R
A

N
S

va
lid

at
ed

w
it

h
LE

S

D
at

a-
dr

iv
en

m
od

el
is

m
or

e
ac

cu
ra

te
th

an
co

nv
en

ti
on

al
R

N
G

k-
ε

H
ur

ni
k

et
al

.(
20

22
)

[3
2]

Si
de

w
al

lj
et

,
re

ci
rc

ul
at

in
g

flo
w

in
an

oc
cu

pi
ed

zo
ne

U
R

A
N

S/
St

an
da

rd
k-

ε,
w

al
l-m

od
el

ed
LE

S/
S-

O
m

eg
a

su
bg

ri
d-

sc
al

e
m

od
el

C
om

pa
ri

so
n

of
lo

ca
l,

gr
os

s,
an

d
in

te
gr

al
pa

ra
m

et
er

s
in

th
e

je
tz

on
e,

an
d

cu
m

ul
at

iv
e

di
st

ri
bu

ti
on

of
m

ea
n

ai
r

sp
ee

d
in

th
e

oc
cu

pi
ed

zo
ne

w
it

h
LD

A
1

an
d

LV
TA

2

LE
S

is
in

be
tt

er
ag

re
em

en
tw

it
h

m
ea

su
re

m
en

ts
th

an
R

A
N

S
an

d
U

R
A

N
S

K
an

g
an

d
va

n
H

oo
ff

(2
02

2)
[3

3]
N

on
-i

so
th

er
m

al
si

de
-w

al
lj

et

R
A

N
S/

St
an

da
rd

k-
ε,

R
ea

liz
ab

le
k-

ε,
R

N
G

k-
ε,

LR
N

k-
ε,

R
SM

(S
W

),
R

SM
(B

SL
),

an
d

SS
T

k-
ω

C
om

pa
ri

so
n

of
m

ea
su

re
d

w
it

h
th

re
e-

ho
t-

w
ir

e
an

em
om

et
er

an
d

pr
ed

ic
te

d
di

m
en

si
on

le
ss

ve
lo

ci
ty

m
ag

ni
tu

de
,a

ir
te

m
pe

ra
tu

re
,a

nd
tu

rb
ul

en
ce

ki
ne

ti
c

en
er

gy

SS
T

k-
ω

is
th

e
op

ti
m

al
tu

rb
ul

en
ce

m
od

el
fo

r
C

FD
ca

lc
ul

at
io

ns
in

a
ro

om
w

it
h

a
no

n-
is

ot
he

rm
al

su
pp

lie
d

je
t

Th
ys

en
et

al
.(

20
21

)
[3

4]

Tw
o

op
po

si
ng

pl
an

e
w

al
lj

et
s

in
an

em
pt

y
ai

rp
la

ne
ca

bi
n

R
A

N
S/

R
N

G
k-

ε,
LR

N
k-

ε,
SS

T
k-

ω
LE

S/
W

A
LE

,a
nd

ki
ne

tic
en

er
gy

su
bg

ri
d

sc
al

e

C
om

pa
ri

so
n

of
m

ea
su

re
d

w
it

h
PI

V
3

an
d

pr
ed

ic
te

d
co

nt
ou

r
m

ap
s,

m
ea

n
de

ca
y

of
di

m
en

si
on

le
ss

m
ax

im
um

ve
lo

ci
ty

,a
nd

je
tg

ro
w

th
pr

ofi
le

s

R
A

N
S

is
in

ac
ce

pt
ab

le
ag

re
em

en
t

w
it

h
m

ea
su

re
m

en
ts

;S
ST

k-
ω

pe
rf

or
m

s
be

tt
er

th
an

th
e

k-
ε;

LE
S

pe
rf

or
m

ed
m

uc
h

be
tt

er
th

an
R

A
N

S

Sá
nc

he
z

et
al

.(
20

20
)

[3
5]

Ve
nt

ila
te

d
fa

ça
de

Sp
ar

la
t–

A
llm

ar
as

,S
ta

nd
ar

d
k-

ε,
R

N
G

k-
ε,

R
EA

k-
ε,

St
an

da
rd

k-
ω

,S
ST

k-
ω

C
om

pa
ri

so
n

of
m

ea
su

re
d

w
it

h
PI

V
3

ve
rt

ic
al

ve
lo

ci
ty

co
m

po
ne

nt
pr

ofi
le

s
R

N
G

k-
ε

m
od

el
is

in
th

e
be

st
ag

re
em

en
tw

it
h

m
ea

su
re

m
en

ts

M
or

oz
ow

a
et

al
.

(2
02

0)
[3

6]

D
iff

er
en

ti
al

ly
he

at
ed

ca
vi

ty
,

m
ix

ed
co

nv
ec

ti
on

D
ir

ec
tn

um
er

ic
al

si
m

ul
at

io
n

(D
N

S)
N

o-
m

od
el

LE
S/

W
A

LE
an

d
S3

PQ
U

R
A

N
S/

St
an

da
rd

k-
ε

an
d

SS
T-

k-
ω

C
om

pa
ri

so
n

of
ca

lc
ul

at
ed

gl
ob

al
,i

nt
eg

ra
l

ai
rfl

ow
qu

an
ti

ti
es

:N
us

se
lt

nu
m

be
r,

st
ra

ti
fic

at
io

n,
ki

ne
ti

c
en

er
gy

,e
ns

tr
op

hy
,

an
d

av
er

ag
e

te
m

pe
ra

tu
re

,w
it

h
re

fe
re

nc
e

va
lu

es
ob

ta
in

ed
in

D
N

S
si

m
ul

at
io

n

LE
S

an
d

no
-m

od
el

pr
ed

ic
tg

lo
ba

l,
in

te
gr

al
ai

rfl
ow

qu
an

ti
ti

es
w

it
h

hi
gh

er
ac

cu
ra

cy
th

an
U

R
A

N
S

K
ha

yr
ul

lin
a

et
al

.
(2

01
9)

[3
7]

Im
pi

ng
in

g
pl

an
e

je
ts

R
A

N
S/

St
an

da
rd

k-
ε,

R
ea

liz
ab

le
k-

ε,
R

N
G

k-
ε,

SS
T

k-
ω

an
d

R
ey

no
ld

s
st

re
ss

m
od

el
C

om
pa

ri
so

n
of

ve
lo

ci
ty

di
st

ri
bu

ti
on

s
pr

ed
ic

te
d

an
d

m
ea

su
re

d
us

in
g

PI
V

3

Th
e

di
ff

er
en

ce
s

in
th

e
va

lid
at

io
n

m
et

ri
c

ar
e

ne
gl

ig
ib

ly
sm

al
l.

It
is

im
po

ss
ib

le
to

di
st

in
gu

is
h

th
e

be
st

m
od

el

Le
st

in
en

et
al

.
(2

01
9)

[3
8]

Tw
o

pl
an

e
op

po
se

d
je

ts

U
R

A
N

S/
SS

T
k-

ω
,

hy
br

id
R

A
N

S-
LE

S—
de

ta
ch

ed
ed

dy
si

m
ul

at
io

n
(D

ES
),

hy
br

id
R

A
N

S-
LE

S
st

re
ss

-b
le

nd
ed

ed
dy

si
m

ul
at

io
n

(S
BE

S)
/S

ST
-k

-ω
R

A
N

S
w

as
m

er
ge

d
w

it
h

LE
S

C
om

pa
ri

so
n

of
ve

lo
ci

ty
di

st
ri

bu
ti

on
s

pr
ed

ic
te

d
an

d
m

ea
su

re
d

us
in

g
LV

TA
2

Th
er

e
ar

e
no

fin
al

co
nc

lu
si

on
s

re
ga

rd
in

g
th

e
pr

ef
er

re
d

tu
rb

ul
en

ce
m

od
el

165



Energies 2024, 17, 1261

T
a

b
le

2
.

C
on

t.

A
u

th
o

rs
(Y

e
a

r)
[R

e
f.

]
T

y
p

e
o

f
A

ir
fl

o
w

in
R

o
o

m
M

e
th

o
d

/T
u

rb
u

le
n

ce
M

o
d

e
l

V
a

li
d

a
ti

o
n

M
e

th
o

d
C

o
n

cl
u

si
o

n
/P

re
fe

rr
e

d
M

e
th

o
d

a
n

d
T

u
rb

u
le

n
ce

M
o

d
e

l

K
os

ut
ov

a
et

al
.

(2
01

8)
[3

9]

N
on

-i
so

th
er

m
al

m
ix

in
g

ve
nt

ila
ti

on
in

an
en

cl
os

ur
e

w
it

h
a

he
at

ed
flo

or

R
A

N
S/

R
N

G
k-

ε,
Lo

w
R

ey
no

ld
s

nu
m

be
r

k-
ε,

SS
T

k-
ω

,S
td

k-
ω

an
d

R
SM

C
om

pa
ri

so
n

of
ve

lo
ci

ty
di

st
ri

bu
ti

on
s

pr
ed

ic
te

d
an

d
m

ea
su

re
d

us
in

g
LD

A
1

an
d

te
m

pe
ra

tu
re

di
st

ri
bu

ti
on

s
pr

ed
ic

te
d

an
d

m
ea

su
re

d
us

in
g

th
er

m
oc

ou
pl

es

Lo
w

-R
ey

no
ld

s-
nu

m
be

r
k-

ε
pe

rf
or

m
ed

be
st

in
ve

lo
ci

ty
pr

ed
ic

ti
on

.
Te

m
pe

ra
tu

re
w

as
m

os
ta

cc
ur

at
el

y
re

pr
od

uc
ed

by
SS

T
k-

ω

K
ob

ay
as

hi
et

al
.

(2
01

7)
[4

0]
Im

pi
ng

in
g

je
t

R
A

N
S/

St
an

da
rd

k-
ε,

R
N

G
k-

ε,
SS

T
k-

ω
,

an
d

Lo
w

-R
e

SS
T

k-
ω

C
om

pa
ri

so
n

of
m

ea
su

re
d

an
d

pr
ed

ic
te

d
ve

rt
ic

al
pr

ofi
le

s
of

ve
lo

ci
ty

,t
ur

bu
le

nt
ki

ne
ti

c
en

er
gy

,a
nd

te
m

pe
ra

tu
re

;v
el

oc
it

y
m

ea
su

re
d

w
it

h
ho

tw
ir

e
an

d
ul

tr
as

on
ic

an
em

om
et

er
s

SS
T

k-
ω

is
op

ti
m

al
fo

r
ac

cu
ra

cy
an

d
co

m
pu

ta
ti

on
al

ec
on

om
y

M
ou

re
h

an
d

Ya
ta

gh
en

e
(2

01
7)

[4
1]

A
ir

cu
rt

ai
n

R
A

N
S/

St
an

da
rd

k-
ε,

LE
S/

D
yn

am
ic

Sm
ag

or
in

sk
y

su
bg

ri
d

sc
al

e

C
om

pa
ri

so
n

of
ve

lo
ci

ty
di

st
ri

bu
ti

on
s

pr
ed

ic
te

d
an

d
m

ea
su

re
d

us
in

g
LD

A
1

an
d

PI
V

3

LE
S

pr
ed

ic
ts

je
tc

ha
ra

ct
er

is
ti

cs
be

tt
er

th
an

R
A

N
S

k-
ε,

bu
tL

ES
st

ro
ng

ly
un

de
re

st
im

at
es

th
e

je
td

ev
ia

ti
on

ou
tw

ar
ds

in
co

m
pa

ri
so

n
w

it
h

PI
V

3

va
n

H
oo

ff
et

al
.

(2
01

7)
[4

2]
C

ro
ss

ve
nt

ila
ti

on
R

A
N

S/
St

an
da

rd
k-

ε,
R

N
G

k-
ε,

R
ea

liz
ab

le
k-

ε,
SS

T
k-

ω
,R

SM
LE

S/
D

yn
am

ic
Sm

ag
or

in
sk

y
su

bg
ri

d
sc

al
e

C
om

pa
ri

so
n

of
m

ea
su

re
d

w
it

h
co

ns
ta

nt
te

m
pe

ra
tu

re
an

em
om

et
ry

sy
st

em
an

d
pr

ed
ic

te
d

pa
ra

m
et

er
s:

m
ea

n
ve

lo
ci

ty
,

tu
rb

ul
en

tk
in

et
ic

en
er

gy
,v

en
ti

la
ti

on
flo

w
ra

te
,a

nd
sp

re
ad

in
g

w
id

th

R
A

N
S

m
od

el
s

fa
il

to
re

pr
od

uc
e

tu
rb

ul
en

tk
in

et
ic

en
er

gy
,L

ES
be

tt
er

re
pr

od
uc

es
ve

lo
ci

ty
,t

ur
bu

le
nc

e
ki

ne
ti

c
en

er
gy

an
d

vo
lu

m
e

flo
w

ra
te

A
ch

ar
ia

nd
D

as
(2

01
5)

[4
3]

Im
pi

ng
in

g
pl

an
e

je
t

R
A

N
S/

St
an

da
rd

k-
ε,

Lo
w

R
ey

no
ld

s
nu

m
be

r
k-

ε
pr

op
os

ed
by

La
un

de
r

an
d

Sh
ar

m
a

(L
S)

an
d

Ya
ng

an
d

Sh
ih

(Y
S)

,s
ta

nd
ar

d
k-

ω

C
om

pa
ri

so
n

of
ca

lc
ul

at
ed

ve
lo

ci
ty

co
m

po
ne

nt
pr

ofi
le

s
w

it
h

lit
er

at
ur

e
ex

pe
ri

m
en

ta
ld

at
a

Lo
w

-R
ey

no
ld

s-
nu

m
be

r
k-

ε
Ya

ng
an

d
Sh

ih
(Y

S)
pe

rf
or

m
ed

be
st

H
ur

ni
k

et
al

.(
20

15
)

[4
4]

Si
de

w
al

lj
et

,
re

ci
rc

ul
at

in
g

flo
w

in
th

e
oc

cu
pi

ed
zo

ne

R
A

N
S/

St
an

da
rd

k-
ε

w
ith

en
ha

nc
ed

w
al

lt
re

at
m

en
t

C
om

pa
ri

so
n

of
pr

ed
ic

te
d

lo
ca

l,
gr

os
s,

an
d

in
te

gr
al

pa
ra

m
et

er
s

in
th

e
je

ta
nd

oc
cu

pa
nc

y
zo

ne
s

w
it

h
LD

A
an

d
LV

TA
m

ea
su

re
m

en
ts

R
ep

ro
du

ct
io

n
of

th
e

je
tm

om
en

tu
m

is
ne

ce
ss

ar
y

fo
r

ac
cu

ra
te

ai
r

sp
ee

d
m

od
el

in
g

in
th

e
oc

cu
pi

ed
zo

ne

M
ilt

ne
r

et
al

.(
20

15
)

[4
5]

St
ra

ig
ht

an
d

sl
ig

ht
ly

ro
ta

ti
ng

tu
rb

ul
en

tf
re

e
je

ts

R
A

N
S/

O
ne

-e
qu

at
io

n,
St

an
da

rd
k-

ε,
R

N
G

k-
ε,

R
ea

liz
ab

le
k-

ε,
St

an
da

rd
k-

ω
,S

ST
an

d
R

SM
C

om
pa

ri
so

n
of

ve
lo

ci
ty

di
st

ri
bu

ti
on

s
pr

ed
ic

te
d

an
d

m
ea

su
re

d
us

in
g

LD
A

Th
e

be
st

re
su

lt
s

of
va

lid
at

io
n

in
te

rm
s

of
ax

ia
la

nd
ta

ng
en

ti
al

ve
lo

ci
ty

co
m

po
ne

nt
s

an
d

tu
rb

ul
en

ce
in

te
ns

it
y

ar
e

ob
ta

in
ed

w
it

h
R

SM
1

LD
A

—
la

se
r

D
op

pl
er

an
em

om
et

er
.2

LV
TA

—
lo

w
-v

el
oc

it
y

th
er

m
al

an
em

om
et

er
.3

PI
V

—
pa

rt
ic

le
im

ag
e

ve
lo

ci
m

et
ry

.

166



Energies 2024, 17, 1261

In the studies presented in Table 2 and within several older papers, the air movement in
the room was caused by air jets such as plane jets [41,46], plane wall jets [31,34,36,38,39,46],
3D circular quasi-free sidewall jets [32,33,42,44], impinging jets [37,40,43], slightly swirling
free jets [45], and confluent jets [47]. In order to validate the CFD results in the jet zone,
the air velocity measurements were performed using LDA [32,40,41,44,45], a hot-wire
anemometer [40,42], a three-hot-wire anemometer [33], PIV anemometry [34,37,41], a
low-velocity thermal anemometer (LVTA) [38], and an ultrasonic anemometer [40]. In a
previous paper [31], RANS CFD results were validated using LES results. Direct numerical
simulation (DNS) results were used as reference data for URANS and LES validation [36].
Most of the studies presented in Table 2 analyzed the usefulness of RANS turbulence
models; three cases concerned URANS models and half of the cases involved LES models.

1.3. Methods of CFD Validation

Most of the papers listed in Table 2 include, among other things, a comparison of
calculated and measured flow parameters in the form of contour maps and profiles. This
comparison is rather qualitative and its usefulness in selecting a turbulence model when
providing more accurate results is questionable.

Previous papers [33,37,39,42] presented a quantitative comparison based on determin-
ing the validation metrics FAC(H). These metrics describe the fraction of the data within
the range (1/H; H):

FAC(H) =
1
n ∑n

i=1B f or B =

{
1 f or 1/H ≤ predicted valuei

measured valuei
≤ H

0 else

}
(10)

where H = 1.05, 1.1, 1.25, 1.3, 1.5, or 2.
In some cases, the global and integral parameters were used to quantitatively compare

the CFD results. In an earlier paper [36], predicted values of the Nusselt number, stratifica-
tion, average temperature, and average kinetic energy were quantitatively compared with
the reference data.

In other previous work [32,44], the maximum mean velocity Uxm, jet width R, and
momentum flux M were used to validate the CFD predictions. These gross and integral
parameters, that characterize the velocity distribution in the jet at a certain distance from
the inlet, are presented in more detail in Section 2.3.

Average Speed in Occupied Zone Versus Jet Momentum Flux

So far, the benchmark test [48] has been used to validate CFD results for three
types of turbulence models, i.e., RANS Std k-ε model [44], unsteady Reynolds-averaged
Navier–Stokes (URANS), and vortex-resolving large eddy simulation LES [32]. The RANS
Std k-ε model was used for two cases (denoted A and B) with different boundary conditions.
The LES results with 16 and 35 million cells were analyzed. In the case of the benchmark
test [48], the jet can be considered quasi-free at a distance x/De = 10–32 and, in this region,
the airflow can be approximated using a point source of momentum model (PSM). Based
on the available data, the relationship between the average air speed in the occupied zone,
Waver, and the square root of the jet momentum flux (M/ρ)1/2 is determined, see Figure 1.

Figure 1 confirms that the average air speed in the occupied zone, Waver, is very highly
correlated with the square root of the jet momentum flux (M/ρ)1/2. Incorrect modeling of
the momentum flux may result in the classification of a room’s thermal conditions into the
wrong category. To avoid this, the modeling uncertainty of the square root of momentum
flux (M/ρ)1/2 should be less than about 5%.
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Figure 1. Correlation between the average mean speed in the occupied zone and the square root of
momentum flux of the jet. Source of data: Experiment, URANS, LES 16 and 35 million [32], RANS A
and B [44]; color scale: category of thermal local discomfort due to draft DR; category A—DR < 15%;
category B—DR < 20%; category C—DR < 25%; assumed air temperature—20 ◦C; and turbulence
intensity 40%.

1.4. Recommended Turbulence Models

In all cases comparing the RANS and URANS models with the results of the LES
approach it was found that the LES results better reproduce the tested airflows in the room.
In previous work [33,34,39,40], it was indicated that the RANS/SST k-ω model better agreed
with measurement data compared to other RANS models. Earlier studies [37,38] did not
identify the best turbulence model among the RANS models. Recent studies were mainly
based on a statistical approach when estimating the uncertainties arising from the adopted
turbulence model, whereas data-driven methods were predominantly used to reduce these
uncertainties. In a prior paper [31], a data-driven RANS nonlinear model with coefficients
of high-order terms determined using an artificial neural network was proposed. Three
indoor airflows were selected as a training set, and four other flows were used to verify the
model. The results show that this model can better predict anisotropic indoor flows.

Based on a review of the literature, it can be stated that LES modeling undeniably
provides more accurate and reliable results than RANS. However, the LES models require
higher computational costs and are more time consuming. Therefore, the LES method
is rarely used in engineering applications. The author of ref. [49] concluded that RANS
models are not obsolete because RANS is still widely used in engineering research and
practice. Although LES is superior in its own right, it incurs greater simulation complexity
and significantly higher computational costs. In the review conducted in ref. [12], the
authors stated that CFD simulations of industrial flows in the coming decades will still
mostly be based on the RANS turbulence model, and the uncertainties in the RANS model
will remain a major obstacle to the predictive ability of these simulations. Thus, quan-
tifying uncertainties in RANS predictions is essential to achieving the goal of certified
CFD simulations.

In the case of the benchmark test [48], the jet can be considered quasi-free at a distance
of x/De = 10–32. In this region, the airflow in the jet can be approximated and compared
using a point source of momentum model (PSM). So far, this benchmark test has been
used to validate CFD results for three types of turbulence models, i.e., the Std k-ε model
available in the Fluent Airpak 3.0.16 commercial code [44], unsteady Reynolds-averaged
Navier–Stokes (URANS) [32], and vortex-resolving large eddy simulation (LES) [32]. The
last two are available in ANSYS Fluent.
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The aim of the tests presented here is the qualitative and quantitative assessment of
the results of the CFD calculation of airflow in a sidewall jet based on benchmark data [48].
The tests were carried out with steady-state conditions using seven Eddy–Viscosity Models
(EVM) available in the ANSYS CFX 22.1 software. The goal was to find an EVM turbulence
model that could provide the most similar results to the experiment and CFD results
obtained with the LES turbulence model. So far, no validation of the CFD calculations for
such cases has been performed.

2. Methods

2.1. Benchmark of a Room with a Sidewall Jet

The geometry of the test room with a sidewall jet, which was proposed by
Hurnik et al. [48] for CFD validation, is shown in Figure 2. The room’s dimensions corre-
spond to a medium-sized office or living room. The air was supplied from a rectangular
opening with the dimensions 0.144 m × 0.096 m and the velocity Uo = 5.16 m/s. The
measurements were performed both in the jet region and in the occupied zone. A two-
dimensional laser Doppler anemometer was used to measure velocity components in the
jet region in two perpendicular planes (Figure 2). In the occupied zone, the air velocity
was measured using a low-velocity thermal anemometer with omnidirectional sensors. A
detailed description of the benchmark and the full set of measurement results are presented
in earlier papers [44,48].

Figure 2. Tested room and the measurement planes in the jet zone.

2.2. Numerical Method

Numerical calculations were carried out with the use of Ansys CFX 22.1 software
in steady-state and isothermal conditions for half of the test room due to its symme-
try (Figure 2). The dimensions of the modeled half of the air supply opening were
0.072 m × 0.096 m (1/2 width × height). The intensity of the turbulence in the opening
was set equal to 5%. The Navier–Stokes differential equations were discretized using the
Finite Volume Method. The second-order upwind discretization scheme and Rhie–Chow
algorithm were employed to couple pressure and velocity. Wall functions with the no-slip
boundary condition were adopted. The Auto Timescale control option was selected with
the conservative Length Scale and the Timescale Factor set to a default value of 1. Boundary
conditions for the conducted numerical simulations are presented in Table 3.

The grid independence test was carried out with the use of the standard k-ε model.
Three variants of discretization grids consisting of tetrahedral elements were tested. Their
parameters are listed in Table 4. In each of the variants a boundary layer with a maximum
thickness of 0.6 m was used in which the mesh size was equal to 0.01 m. In addition,
mesh refinement was implemented on the surface of the inlet with a mesh edge length of
0.01 m. In the G1 variant, a default discretization grid with a mesh edge length of 0.3 m was
used. In the G2 variant, the length of mesh edge was reduced to 0.1 m. In the G3 variant,
additional mesh refinement was implemented in the supply jet axis with a refinement
radius of 0.6 m and the length of the refined mesh edge being 0.01 m.
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Table 3. Boundary conditions.

Boundary Condition Value/Description

Analysis type Steady state
Supply air speed 5.16 m/s

Inlet turbulence intensity 5%
Heat transfer Isothermal

Air temperature 23 ◦C
Outlet relative pressure 1 Pa

Outlet pressure profile blend 0.05
Outlet pressure averaging Average over whole outlet

Boundary condition No slip wall
Wall roughness Smooth wall

Reference domain pressure 101,325 Pa

Table 4. Tested discretization grid variants.

Discretization
Grid Variant

Mesh Edge
Length

Refinement Mesh Edge Length Number of Elements

G1 0.3 m - 4.10 × 104

G2 0.1 m - 4.95 × 105

G3 0.1 m 0.01 m (refinement radius 0.6 m) 3.51 × 107

Numerical calculations carried out with the use of all discretization grid variants were
validated with the use of experimental results [48] in the jet region (Figure 3). The best
concurrence of the results was obtained with the use of G3 variant grid. The distribution
of the mean axial velocity component Ux was the most similar to the measured one, both
in terms of its maximum value and its profile. The results obtained with the use of the
G2 grid variant were similar to the G3 variant, but the range of maximum values was
higher and the air velocity profile was wider in the G2 variant. The G1 grid variant was
not able to accurately reproduce the air velocity profile, which could have been affected
by the large mesh size. Therefore, the G3 grid variant was adopted in the research on
turbulence models.

Figure 3. Comparison of the measurement data with the CFD results obtained with the use of three
discretization grid variants for the standard k-ε turbulence model in a jet region; distribution of the
mean axial velocity component Ux for x/De = 20.8 (a) and the G3 discretization grid; cross-section in
a plane passing through the center of the inlet (b).

In order to evaluate the numerical model’s quality, a convergence assessment of
the numerical solution was conducted. The residual is the most important determinant
of numerical solution convergence as it directly reflects the accuracy of an equation’s
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solution [50]. The root mean square residuals of pressure and velocity were selected to
assess when convergence was reached. The value at which the pressure and velocity root
mean square residuals stabilized for all the k-ω models was 1 × 10−7, for the k-ε models
it was 8 × 10−8 (i.e., the standard k-ε model) and 4 × 10−7 (i.e., the RNG k-ε model), and,
for the one-equation EVTM model it was 1 × 10−7. According to [50], root mean square
residual levels of value 1 × 10−6 or lower show a very tight convergence and are sufficient
for engineering applications.

The number of iterations after which the monitored parameters in the jet and the
boundary layer region stabilized (velocity components, turbulent kinetic energy, and
turbulent dissipation rate—except for models where turbulent kinetic energy is absent) was
in the range of 1.2 × 103 for the EVTM model to 1 × 104 for the SST model. The relative
wall distance value y+ was lower than 15 for all turbulence models analyzed.

2.3. Local, Gross, and Integral Parameters

The CFD results are most often validated by comparing profiles of local velocity
parameters such as mean velocity U, mean velocity components Ux, Uy, Uz, and standard
deviations of velocity fluctuations u∗

x, u∗
y , u∗

z in selected jet cross-sections. This method of
validation can also be called point-to-point comparison. More reliable and representative
validation can be carried out by comparing gross and integral jet parameters. Gross
parameters, i.e., maximum mean velocity Uxm, position of the maximum mean velocity
ym, and jet width R, and integral parameters, i.e., volume flux V and momentum flux M,
characterize the airflow in the jet at a certain distance from the supply opening.

In the benchmark tests, the jet is supplied from the rectangular opening and affected
by the ceiling; therefore, it cannot be treated as an axisymmetric jet. Due to the Coanda
effect, the position of the point of maximum velocity ym changes with the distance from
the opening and has to be identified. The values of the mean axial air velocity component
Uxm, measured and calculated in several cross-sections of the turbulent jet region, were
approximated using a quasi-Gaussian exponential curve:

Ux = Uxm · exp
[
−(r/Rα)

7/4
]

(11)

The radial distance from the jet axis position equals:

r =
[
(z − zm)

2 + (y − ym)
2
]1/2

(12)

To describe the velocity distribution in an asymmetric air jet, the angular change in the
velocity profile width should be considered. In the case of the CFD results, it was possible
to analyze the radial changes in the velocity in the 180◦ range covered by the CFD data and
180◦ covered by the assumption of the flow symmetry in the z-plane. In this case, the jet
profile width was calculated as a trigonometric series of six harmonic components:

Rα = R(1 + a1 cosα + a2 cos2α + a3 cos3α + a4 cos4α + · · ·) (13)

The angle α is found in this expression, the explicit form of which is given by:

α = arctan2[(z − zm), (y − ym)]. (14)

The set of parameters Uxm, R, ym, zm, a1, . . . a6, describing the distribution of the mean
axial velocity component at different distances from the inlet opening x, were found by
a least-squares method using the SOLVER procedure in EXCEL. Next, the air velocity in
the quasi-free jet zone was approximated by the model of the jet from a point source of
momentum. The set of equations for the PSM model with the profile exponent n = 1.75 is
presented in Table 5. The gross parameters are jet spread coefficient α, position of the jet
origin xo/De, and coefficient of momentum loss KM, which characterize the whole jet in
the quasi-free region.
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Table 5. Model of a free axisymmetric jet generated by a point source of momentum (PSM) model.

Definition Equation #

Jet spread R = a(x − xo) (15)
Ux velocity profile Ux/Uxm = exp

[
−(r/R)7/4

]
(16)

M/ρ in PSM (constant) M/ρ = 1.5210 U2
xmR2 (17)

Boundary momentum flux Mo/ρ = Ao U2
o =

(
π D2

e /4
)
U2

o (18)
Conservation of momentum flux (M/Mo)

1/2 = KM (19)
Decay of Uxm Uxm/Uo = KM [0.7186 /a]/[(x − xo)/De] (20)

3. Results

3.1. Maps and Profiles of Mean Axial Velocity Component

Figure 4 shows contour maps of the mean axial air velocity component Ux′s distribu-
tion in the supply air jet normalized by the inlet velocity Uo = 5.16 m/s. The maps were
prepared using measurement data and the CFD calculation results with the use of EVM
turbulence models. The area on the maps limited by 1% isoline is the background of the
jet. The map for the zero-equation model significantly differs from the maps for the other
EVM turbulence models and is characterized by a much shorter range for all of the isolines.
Therefore, the results for the zero-equation model were excluded from further analyses.

Figure 4. Contour maps of the normalized axial mean air velocity component Ux/Uo in the plane
cross-section z = 0 for the EVM turbulence models and measurement data.

The vertical jet profiles of the axial mean air velocity component are deformed due
to the deflection of the air jet towards the ceiling. Therefore, the profiles in the horizontal
plane y = 0 at a distance from the inlet equal to x = 2.79 m (x/De = 20.8) were selected
for comparison, see Figure 5. The results of measurements and CFD calculations were
approximated by an exponential curve in a form corresponding to:

Ux = Uxm |x=2.79; y=0 · e−(|z|/R|x=2.79; y=0)
7/4

(21)
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Figure 5. Axial mean air velocity component profiles in the horizontal plane with y = 0 and x = 2.79 m
(i.e., x/De = 20.8). Turbulence models: (a) k-ε; (b) RNG k-ε; (c) k-ω; (d) SST; (e) BSL; (f) EVTM.

Two parameters were obtained as a result of the approximation for the compared
profiles, i.e., the maximum value of the axial velocity component Uxm ||x=2.79; y=0

and the jet
profile width R||x=2.79; y=0

. Thus, it was possible to compare the analyzed profiles quantita-
tively. The approximation lines are marked in Figure 5 with dashed black lines.
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3.2. Gross and Integral Parameters in the Quasi-Free Jet Zone

The distributions of the gross and integral parameters of the air jet for a certain distance
from the inlet are shown in Figure 6. The parameters of the point source of momentum
(PSM) model obtained by an approximation of the air velocity distribution in the quasi-free
zone of the jet are presented in Table 6.

Figure 6. Changes in the gross and integral parameters of the jet for the distance from the inlet:
(a) the jet width R/De; (b) the ratio of inlet velocity and maximum mean axial velocity Uo/Uxm ;
(c) the square root of jet momentum flux (M/Mo)1/2; and (d) the vertical position of the maximum
mean velocity ym/De.

Table 6. Parameters of the point source of momentum (PSM) model obtained by an approximation of
the air velocity distribution in the quasi-free zone of the jet.

xo/De a KM

LDA 1.8 0.117 88.4%
LES [32] 2.2 0.130 100.6%

k-ω 4.6 0.138 103.4%
Std k-ε 2.0 0.118 104.0%

RNG k-ε 4.0 0.105 102.9%
EVTM 3.0 0.137 100.6%

BSL 1.9 0.143 106.4%
SST 2.5 0.148 106.5%
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A comparison of the EVM and LES results in the quasi-free jet region with the outcomes
of the measurements using LDA is presented in Table 7. The quantities Δ(xo/De), δ(au), and
δ(KM) represent the absolute differences in the position of the jet origin, relative differences
in the jet spread coefficient, and relative differences in the momentum losses coefficient,
i.e.,

Δ(xo/De) = (xo/De)|EVM − (xo/De)|LDA, (22)

δ(au) = (a|EVM − a|LDA)/a|LDA, (23)

δ(KM) = (KM|EVM − KM|LDA)/KM|LDA. (24)

Table 7. Comparison of the EVM results in the quasi-free jet region with the outcomes of the
measurement using the LDA.

Turbulence
Model

Linear Jet
Spread

Inverse Changes of
Maximum Velocity

“Gaussian” Radial
Profile of Velocity

Δ(xo/De) δ(a) δ(KM)

LDA + + + 0.0 0.0% 0.0%
LES [25] + + + 0.4 11.1% 13.8%

k-ω − − − 2.8 17.9% 17.0%
Std k-ε + + + 0.2 0.9% 17.6%

RNG k-ε − − − 2.2 −10.3% 16.4%
EVTM + + + 1.2 17.1% 13.8%

BSL + + + 0.1 22.2% 20.4%
SST + + + 0.7 26.5% 20.5%

4. Discussion

The results of the LDA measurements confirmed that the tested jet at a distance x from
1.3 m to 4.2 m (x/De from 10 to 32) behaves like a quasi-free jet, which is proved by:

• The self-similarity of the mean velocity distribution, as given in Equation (11);
• The linear spread of the jet, as provided in Equation (15);
• The fact that they are inversely proportional to distance velocity decay, as given in

Equation (20).

The maps for all the EVM turbulence models, see Figure 4, provided a qualitatively
similar but not identical picture of the velocity field in the jet zone. Based on these maps,
it is not possible to accurately determine the throw length of the jet because the isolines
for less than 0.5 m/s terminate in the jet impingement zone, i.e., less than 1.8 m from the
opposite wall. Comparing the contour maps Ux/Uo for the BSL and SST models, it is
noteworthy that they are very similar. Examining the maps, it can also be seen that all the
maps show a slight deflection of the jet towards the ceiling. Determining the other global
parameters, such as xo, R, and Uxm , based on these maps, it is clear that they may include
significant errors. Therefore, it can be concluded that the maps have little usefulness in the
validation of the CFD results.

The profiles of the axial mean air velocity component in the middle of the quasi-free
jet zone, when the horizontal plane y = 0 and the distance x = 2.79 m (i.e., x/De = 21),
are presented in Figure 5. As shown in Figure 4, the maximum mean axial velocity
Uxm |x=2.79; y=0 valued obtained for the EVTM, BSL, and SST models were very close to
the measured one but, at this distance, the jet profile widths R|x=2.79; y=0 were greater than
the measured one by 10%, 24%, and 21%, respectively. The measured jet profile width
R|x=2.79; y=0 and the one calculated with the use of the k-ω and Std k-ε models differed
very little, but the maximum mean axial velocity Uxm |x=2.79; y=0 was higher than the
measured one by 20%. The results obtained for the RNG k-ε model varied the most from
the measurements, both in terms of Uxm |x=2.79; y=0 and R|x=2.79; y=0. The quantitative
comparison of the velocity profiles presented in Figure 5 did not provide unambiguous and
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conclusive arguments that allowed for the assessment of the usefulness of the analyzed
turbulence models. Therefore, an in-depth comparative analysis of the gross and integral
parameters, as well as parameters for the free jet model generated by the point source of
momentum (PSM), was needed. The results of this analysis are presented in Figure 6 and
Tables 6 and 7.

In the quasi-free jet zone, the jet width increases linearly and the maximum velocity
decreases inversely with the distance from the jet origin. Therefore, as seen in Figure 6a,b,
the R/De and Uo/Uxm values changed linearly. Such a linear relationship can be observed
for the EVTM, Std k-ε, BSL, and SST turbulence models but not for the k-ω and RNG k-ε
models. The best agreement between the measurement and calculations was obtained for
the EVTM and Std k-ε turbulence models. However, while the EVTM model accurately
reproduced Uxm, it overestimated R by 17%. The Std k-ε model performed in an opposite
way, i.e., it overestimated Uxm by 17% and precisely predicted R. The changes in the mo-
mentum flux (M/Mo)1/2 are shown in Figure 6c. All the turbulence models overestimated
the measured value of this flux. The least overestimated results were obtained for the
EVTM model. Figure 6d shows the changes in the vertical position of the maximum mean
velocity ym/De. All the turbulence models reproduced the deflection of the air jet towards
the ceiling with satisfactory accuracy.

The highest discrepancies in the calculated and measured positions of the jet’s origin
xo/De were obtained with the k-ω and RNG k-ε models, and the best compliance was
obtained with the Std k-ε and BSL models. The coefficient au that characterized the jet
spread was modeled with the best accuracy using the Std k-ε turbulence model.

In order to correctly model the air distribution in the occupied zone of the room, it is
necessary to accurately reproduce the momentum flux of the supply air jet. The velocity
in the occupied zone is directly proportional to the square root of the momentum flux
(M/ρ)1/2 [4]. Thus, the momentum loss coefficient KM determined by the CFD calculations
should be as close as possible to the measured one. Considering this criterion, optimal
compliance was obtained for the EVTM turbulence model. In this case, the KM coefficient
and, consequently, the air velocity in the occupied zone were about 12% higher than the
measured values.

The analysis presented in Table 7 shows that the k-ω and RNG k-ε turbulence models
did not correctly reproduce the jet spread, the decay of the maximum velocity, and the
velocity profile in the jet cross section and, therefore, cannot be recommended to simulate
velocity distribution in a quasi-free jet region. The BSL and SST models calculated air
distribution parameters with errors higher than 20%. The results obtained with the standard
Std k-ε and EVTM models were most similar to the measurement data since their errors
slightly exceeded 15%. Comparing the results of the CFD calculations using the EVM
turbulence models with those of the LES calculations, a good agreement between the EVTM
and LES results can be observed.

5. Conclusions

In the presented studies, numerical CFD modeling of an air jet supplying air from the
sidewall to the room was carried out using seven EVM RANS turbulence models. Validation
of CFD results was performed based on experimental data [48]. This case represents a
typical office or residential room. A comparative analysis of gross and integral parameters,
as well as parameters of the quasi-free jet model generated by a point source of momentum,
was carried out. Based on the obtained results, the following conclusions can be drawn.

Jet spread, the decay of the maximum velocity, and the velocity profile in the jet
cross-section were not correctly reproduced by the k-ω and RNG k-ε models. Therefore,
they cannot be recommended for simulations of air velocity distribution in a quasi-free
jet region.

The values of the global and integral parameters obtained with the standard Std k-ε
and EVTM models were most similar to the experimental data. Their error values slightly
exceeded 15%. These EVM RANS turbulence models can be effectively used in the HVAC
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industry to simulate air distribution in supplied air jets in the early conceptual stages of
HVAC system design [36].

The greatest consistency in the momentum loss coefficient KM was obtained for the
EVTM turbulence model. Its value was overestimated by 12%, exactly the same value as in
the case of the LES model.

The errors in the CFD simulations for the BSL and SST models were higher than 20%,
which places these models in second place after the Std k-ε and EVTM models.

Further research on the use of the EVM RANS models could include a more thorough
analysis of the air speed in the occupied zone to verify their applicability in the presence of
people within a room.
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Nomenclature

a jet spread coefficient (-)
B boolean variable (-)
D diameter (m)
H upper limit value (-)
k turbulence kinetic energy (m2/s2)
K coefficient (-)
M mean motion momentum flux in the axial direction (kg·m/s2)
n number of samples (-)
r radial distance from the jet axis (m)
R radial width of the jet profile (m)
U velocity (m/s)
W speed (m/s)
x, y, z Cartesian coordinates (m)
Greek symbols:
ε turbulence energy dissipation rate (m2/s3)
υ viscosity coefficient (m2/s)
ρ density (kg/m3)
ω turbulence vorticity (1/s)
Subscripts:
e equivalent
i axis of coordinate system, i = x, y, z
m molecular, maximum
M momentum
o inlet, origin
t turbulent
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Abstract: EU legislation requires introducing a variety of measures to reduce energy consumption.
Energy use decrease should be achieved through thermal retrofitting of the least energy-efficient
buildings. In the case of cities like Kraków, this means the need to modernize (retrofitting as well as
the incorporation of modern HVAC systems) historical buildings. Furthermore, urban morphology
is an influencing factor with regards to the energy performance of buildings and therefore of cities
(since the influence of shading from nearby buildings cannot be ignored). The paper presents the
results of a study on the impact of shading on energy demand for heating and cooling in the historic
centre of Krakow. A comparative analysis of the simulation calculation results was performed using
the statistical climate as a boundary condition. In the case of a typical five-floor residential tenement
house from the turn of the 20th century, an 8% increase in energy demand for heating and a 50%
reduction in energy demand for cooling were estimated. As the analysis of the results shows, taking
into account the shading from nearby buildings may be crucial for optimizing the volume (power of
devices, diameters of ducts and pipes) of the HVAC installation.

Keywords: energy-efficient HVAC systems; historical buildings; retrofitting; shading effect; energy
demand

1. Introduction

1.1. Literature Review

Urban morphology has been pointed out as one of the influencing factors with regards
to the energy performance of cities. Studies show that in Central European cities, there are
characteristic patterns illustrating strong investment in city centres and low diversity of
land cover and use in historic city cores [1]. At the same time, it has been shown that in
Poland, after EU accession, there have been more rapid changes in land use than in other
Central European countries [2]. Additionally, in functional urban areas of Poland, there
is an encroachment of urbanized areas into suburban areas, and thus an increase in the
diversity of land cover and use in the access zones of cities [3]. As a result, so-called heat
islands occur due to the uniformity of development and the disappearance of natural areas.
The formation of urban heat islands, together with the ongoing climate change, has led to
changes in energy demand for urbanized areas. For example, climate change in Europe
is causing a significant increase in demand for cooling—even in regions (such as Poland)
where cooling of buildings during the summer has so far been uncommon. This means
an increased installation rate of air conditioning systems in buildings. European Union
legislation requires implementing measures to reduce energy consumption for heating and
cooling. The EU aims to reduce residential energy consumption by 16% by 2030 and 20–22%
by 2035. National measures will have to ensure that at least 55% of the decrease in the
average primary energy use is achieved through the renovation of the least energy-efficient
buildings focusing on the thermal retrofitting of them [4]. In the case of cities like Kraków,
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this task is difficult to accomplish. This is because a large part of the city is listed for special
protection as national heritage (a significant number of buildings in the city centre were
built at the turn of the 20th century), whilst the medieval the old town was among the first
sites chosen for UNESCO’s original World Heritage List. The condition of the load-bearing
structures of the buildings is usually satisfactory. However, secondary structures and
heating systems are outdated and inefficient.

Restoration of historical buildings is one of the important trends of cultural heritage
and has been studied and discussed for years [5–7]. Many new technologies have been
developed to this day, but the retrofitting process has never been a simple undertaking
owing to historical preservation codes, restrictions created by the existing building structure,
and the threat that the latter poses to historical integrity [8,9]. In many cases, in residential
buildings, thermal modernization comes down to replacing windows with more energy-
efficient ones and insulation of the ceiling below an unheated attic. Incorporating modern
HVAC systems into historical buildings is not a straightforward task as it is accompanied
by a number of challenges [8]:

• old structures are made of different materials from those used in today’s construction
practices, which makes it difficult to incorporate a new system without causing harm
to the rest of the structure;

• the thickness and the materials used for constructing partitions pose a challenge when
trying to install ducts or piping fixtures;

• any external changes, such as the installation of vents, thermostats or other HVAC
devices, have to be made in a way that will not alter the overall character of the building).

For this reason, the correct dimensioning of HVAC installation is crucial.
Heating and cooling load calculations are carried out to estimate the required capacity

of the heating and cooling systems needed to maintain the required environment in the
conditioned space. In most cases, calculations are made on the basis of steady-state
methodology [10–12]. In these methods, the shading resulting from the use of shading
devices (e.g., blinds) is considered in the cooling load calculations, but the surroundings of
the building are not.

The positive effect of shading from nearby buildings on reducing solar gains was
already known in ancient times in the Mediterranean basin [13]. In recent years, much
attention has also been paid to investigating the influence (positive as well as negative) of
shading from nearby buildings on the heating and cooling demand in temperate climates.
Assuming that a reduction in the energy consumption of buildings is an effective means
to build a low-carbon city, it has become essential for planners and designers to consider
buildings as integral elements of the urban environment rather than stand-alone entities.
This is related to the rational prediction of regional space cooling/heating loads and the
design of distributed energy resource systems [14].

The analysis of the energy performance of buildings in relation to urban and street
planning can become a theoretical basis for rational architectural layout and energy con-
sumption reduction [15]. The influence of land development on the formation of the urban
climate is expressed by various indicators. For example, the concept of the urban canyon is
a model widely used in energy studies [16]. Its geometric layout may be described based
on the following:

• its axis orientation;
• its cross-sectional dimensions: width of the street (W) and height of the building (H).

Aspect ratio (W/H) or inverted aspect ratio (H/W) are intuitive ways of characterizing
the occlusion of an urban fabric. Canyon morphology has also been described quantifying
the total amount of visible sky from a particular point, using other parameters such as the
Sky View Factor (SVF) [17,18] or Sky Factor (SF) [19]. The larger the H/W, the smaller the
SVF, meaning that the shading effect is stronger, resulting in a decrease in solar radiation
reaching the ground and affecting thermal environment of street canyons.
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There are also some index parameters that describe the relationship between buildings
and the open area in a constant plot. The Floor Area Ratio (FAR) is one such parameter,
which is the ratio of the built area to the lot area. A larger FAR value indicates a greater
volume of the building. The Building Coverage Ratio (BCR) is the relationship between
the ground floor area of enclosed buildings and the area of the land plot. Development
scenarios where the FAR is same but the BCR is different will produce varying types of
development, such as low rise or high rise, which can be incorporated into different layouts
of buildings [14].

The H/W ratio is associated with thermal comfort in urban street canyons [20] (in some
cases, with a different H/W the difference in dry-bulb temperature can reach 10 ◦C [21]),
which affects the energy demand of buildings. Huang et al. [22], Oke [23] and Arnfield [24]
proved in their works that H/W is a significant parameter influencing how much solar
radiation reaches buildings. For example, for Hong Kong, the increase in energy demand
due to shading from nearby buildings was determined to be 2% [25]. Other studies show
that reductions in space cooling reach up to 30% [25,26]. Research using a hypothetical
nine-building block that contained a three-storey commercial reference building [27] in
eight cities in the U.S. indicated that the building’s energy consumption can increase by
60.4% compared with a building without shading.

Over the past decades, detailed individual Building Energy Models (BEMs) have
become established modes of analysis for building designers and energy policy makers.
More recently, these models have evolved into so-called Urban Building Energy Models
(UBEMs) [28,29] taking into account the energy performance of neighbourhoods, i.e., sev-
eral dozens to thousands of buildings. This term is attributed explicitly to bottom–up
(intended to focus on individual buildings [30]) engineering models. In the case of large-
scale models, even a slight increase in resolution for one or more aspects can lead to a
noticeable growth in the computational burden due to the issue of dimensionality [30].
Considering that the modernization of historic buildings is essentially a case study, the
solution may be to use BEMs that take into account the building’s immediate surround-
ings. Modern calculation tools such as EnergyPlus or WUFI®plus allow for the accurate
assessment of heat gains and losses in buildings. They also have the ability to perform
calculations that take into account shading from nearby buildings [26,31].

There are different ways of taking the shading into account. The most common is the
adaption of radiation gains by reduced absorption and emission coefficients. Another way
is calculating the radiation load by determining the position and size of the shading object
in the field of view of the receiving surface [32].

1.2. Aim of the Study

Climate is a major factor that affects shading, apart from the index parameters and
building layouts [14,33]. Most of the research in this field concerns warm climates or areas
with modern buildings (e.g., [34]). Therefore, the aim of the study was to investigate the
influence of shading from nearby buildings on the energy demand for heating and cooling
as well as heating and cooling loads (for the entire building and individual floors of the
building treated as separate calculation zones), in a temperate climate of Central Europe in
the case of historical city centres, using Kraków as an example.

2. Materials and Methods

Calculations were performed using WUFI®plus software (ver. 3.5), enabling com-
prehensive thermal and moisture analysis of entire buildings, taking into account heat
exchange with the ground [35]. As studies comparing contemporary BEMs (such as En-
ergyPlus, WUFI®Plus or ESP-r) show, there are no significant differences in their general
accuracy [36,37]. However, the studies described in [38] have shown that in terms of good-
ness of fit, the WUFI®Plus model attains a significantly higher temperature fit as well as a
higher water vapour pressure fit when compared to the EnergyPlus model. WUFI®Plus is
the most complete heat and moisture simulation tool in the WUFI software family. It has
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been tested many times for use in calculations of historical buildings (including many times
by the authors of this study [39–44]). It is a recognized tool used in so-called preventive
conservation and collection care [39,44,45]. One of its advantages, in the case of calculations
for historical buildings, is the extensive database of historical building materials.

The analyses carried out according to the block chart (Figure 1) include comparison of
the results of energy demand calculations in transient conditions with and without taking
into account the shading from nearby buildings, supplemented by a shortened comparison
of the results of the heating and cooling loads in transient conditions with steady-state
calculation (without shading from nearby buildings).

Figure 1. The block chart of conducted analyses.

For every simulation time step, the shading of the building components and windows
is calculated depending on solar position and the building’s visualized 3D geometry [46].

2.1. Case Study

The paper is based on the analysis of a generic multi-family residential tenement
house representative of the old, historical centre of Kraków. Tenement houses in this part
of the city are most often connected to each other in a closed quadrangle block, which has a
large courtyard inside (Figure 2). They have a masonry structure and are most often made
of full ceramic bricks. The thickness of the structure usually exceeds 40 cm (in some cases
can even reach up to 100 cm). The ceilings are made using various technologies, including
wooden structures, structures with steel beams or monolithic structures. The buildings
usually have 3 to 5 floors above ground level.

Windows in these types of buildings are box structures with two layers of glazing,
which, over the last two decades, have been gradually replaced with double- or triple-
glazed composite structures as a result of thermal modernization activities. Also, ceilings
below unheated attics or above unheated basements as well as the roof slopes have been
additionally insulated to reduce energy losses. On the other hand, external walls very often
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cannot be insulated from the outside, due to conservation restrictions, and only insulation
from the inside is allowed, which is rarely implemented by owners.

Figure 2. View of the streets of Kraków (reproduced from [47]) (a) and typical layout of Kraków’s
buildings in its historic centre (b).

The distance between individual blocks of tenement houses in the analysed area
ranges from 16 to 20 m, excluding larger road arteries. The discussed arrangement is
presented in the layout in Figure 2.

2.2. Three-Dimensional Model of the Building

For the analyses of heat gains and losses, a generic building was created along with a
fragment of a typical urban layout:

1. A two-dimensional generic urban layout characteristic of Kraków’s development at
the turn of the 20th century was prepared based on publicly available maps (Figure 3a).

2. On this basis, a three-dimensional model of the analysed building and the surrounding
buildings was modelled using the SketchUp tool (Figure 3b).

3. The last stage was the implementation of the developed model in WUFI®Plus, a tool
for dynamic thermal and moisture analysis (Figure 3c).

The final building model is presented in Figure 4. It should be noted that the building
model was created in two variants. Variant 1 does not take into account the nearby
buildings (Figure 4a), and therefore does not take into account the shading generated by
these buildings. Variant 2 takes into consideration the nearby buildings (Figure 4b). The
modelled building has 5 floors above ground with a room height of 3.7 m. Each floor has
an area of 672 m2, which translates into a total building area of 3360 m2. The tenement
house has an L-shape with dimensions of 27 × 36 m and its height is 23 m (Figure 5). The
building is located in the south-western corner of the tenement house block, among other
buildings of the same height.

Figure 3. The process of creating a building model: a two-dimensional generic urban layout (a), 3D
model in SketchUp (b) and 3D model in WUFI®plus (c).
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Figure 4. 3D building model in WUFI®plus: without nearby buildings (a) and with them (b), as well
as division of the building into zones: first floor (c), fifth floor (d) and unused attic (e).

Figure 5. Building dimensions: length and width (a) and height (b).

The building was divided into a total of seven simulation zones (Figure 4c–e). Each
of the five floors was considered a separate zone: the five inhabited floors, unused attic.
Adjacent buildings were combined into one zone. Each floor was divided into 5 apartments
and a staircase. Internal partitions were included in the model as so-called non-visualized
components. As a result, they affected the building’s accumulation capacity.

All partitions, except ceilings and floors, were made with the use of masonry technol-
ogy. The thickness of the brick wall was assumed to be 48 cm for load-bearing walls and
16 cm for partition walls. Additionally, a 1 cm layer of plaster was assumed on both sides
of each of the walls. The ceilings were assumed to be of reinforced concrete construction
with a thickness of 30 cm. In the case of the unheated attic, additional insulation was
installed with a layer of 10 cm thick polystyrene. The U-factor for the external walls is
1.005 W·m−2·K−1. The double-glazed windows have dimensions of 1.6 × 2.2 m. Facing
the street, there are 8 windows on the western elevation and 6 on the southern one. Facing
the courtyard, there are 2 windows on the northern elevation and 4 on the eastern one. The
U-factor for the windows is 1.6 W·m−2·K−1 and the solar heat gain coefficient (SHGC) is
0.7. The basic parameters of the partitions are presented in Tables 1–5.

Only shading from nearby buildings is included in the calculations. The model does
not include any shading devices or elements. Due to the historic nature of the buildings in
the center of Kraków and the conservation care, it is not possible to install shading elements
on the outside of the building.
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Table 1. Partition design parameters of the load-bearing walls.

Layers
Thickness

[m]
Thermal Conductivity

[W·m−1·K−1]
U-Value

[W·m−2·K−1]

Plaster 0.010 0.80
1005Solid brick 0.480 0.60

Plaster 0.010 0.80

Table 2. Partition design parameters of the partition walls.

Layers
Thickness

[m]
Thermal Conductivity

[W·m−1·K−1]
U-Value

[W·m−2·K−1]

Plaster 0.010 0.80
1.709Solid brick 0.160 0.60

Plaster 0.010 0.80

Table 3. Partition design parameters of the ceilings.

Layers
Thickness

[m]
Thermal Conductivity

[W·m−1·K−1]
U-Value

[W·m−2·K−1]

Reinforced concrete 0.300 1.60 2.581

Table 4. Partition design parameters of the ceilings to unheated attic.

Layers
Thickness

[m]
Thermal Conductivity

[W·m−1·K−1]
U-Value

[W·m−2·K−1]

Polystyrene 0.100 0.04
0.346Reinforced concrete 0.300 1.60

Table 5. Partition design parameters of the ground slab.

Layers
Thickness

[m]
Thermal Conductivity

[W·m−1·K−1]
U-Value

[W·m−2·K−1]

Concrete screed 0.080 1.60

0.230
Extruded polystyrene 0.120 0.03

Bitumen 0.005 0.17
Concrete 0.150 1.60

2.3. Boundary Conditions

Selecting the right boundary conditions for calculating energy demand is a key issue.
In the era of rapid climate change that is currently taking place, it is difficult to use so-
called TMYs (Typical Meteorological Years). In order to minimize the possibility of making
an incorrect selection of boundary conditions, three statistical climates were adopted for
Kraków based on data from different periods [48]:

• TMY_1 based on data from 2004 to 2018;
• TMY_2 based on data from 2007 to 2021;
• TMY_3 based on data from 2009 to 2023.

These climates differ slightly from each other (Figure 6a). Based on the analysis of the
main outdoor air parameters influencing heat exchange through the building envelope, it
can be concluded that:

1. The average outside air temperature in Kraków has been systematically increasing
over the last few years. The increase in this average is mainly caused by the increase
in air temperatures in the summer. The difference in maximum temperature between
TMY_3 and TMY_1 is 3 ◦C (Table 6). There was a more than three-fold increase in the
share of temperatures above 30 (from 20 h for TMY_1 to 65 h for TMY_3).
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2. Maximum solar radiation in all TMYs is at a similar level (Figure 6b). However, the
number of hours with radiation has increased by about 5%.

Figure 6. Outside air temperature extremes in individual months (a) as well as sun radiation sum
depending on the angle of the surface and its orientation (b) for chosen TMYs.

Table 6. Basic statistics for temperature and solar radiation for TMYs.

Parameter TMY_1 TMY_2 TMY_3

Maximum temperature [◦C] 32.3 35.2 35.2
Minimum temperature [◦C] −17.0 −16.7 −17.0
Median for temperature [◦C] 9.4 9.5 9.7

Maximum solar radiation [kW·m−2·K−1] 895 858 869
Hours of sun 4402 4614 4609

2.4. Internal Heat Gains

Internal heat gains were included in the calculations. Daily profiles from the database
were adopted (for a 4-person family—see Figure 7). The maximum heat gains for individual
simulated zones reach 9390 W on weekdays and 9735 W on weekends.
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Figure 7. Heat gains of a single apartment for weekdays (a) and weekends (b).

2.5. HVAC and Ventilation Systems

To determine the energy demand for heating and cooling, the calculations assumed the
operation of ideal (with infinite power) heating and cooling systems. For the thermal com-
fort of the users, the minimum permissible temperature was set at 20 ◦C and the maximum
at 26 ◦C. The selected temperature range corresponds to the 2nd comfort class according
to the standard EN 16798-1:2019 [49] (for residential buildings—sedentary activity about
1.2 met).

In terms of ventilation, it was assumed that the air exchange rate (ACH) resulting from
infiltration was 0.1 and from gravity ventilation was 0.5.

2.6. Calculation Variants

In order to obtain complete data, calculations were performed for 6 variants for each of
the statistical years (Table 7). In the methodology of calculating the heating load for design
purposes, internal heat sources are not taken into account. Therefore, in the basic variants,
only the empty building envelope is taken into account. Thus, ultimately 18 versions of
calculations were performed.

Table 7. Variants of calculation.

Variant
Internal Heat

Gains

HVAC Systems Shading from Nearby
BuildingsHeating Cooling

V_1A NO NO NO NO
V_2A NO YES NO NO
V_3A YES YES YES NO
V_1B NO NO NO YES
V_2B NO YES NO YES
V_3B YES YES YES YES
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3. Results

For the purpose of the data analysis, the building was divided into individual calcula-
tion zones corresponding to individual floors of the building (from Z_1 corresponding to
the 1st floor to Z_5 corresponding to the 5th floor).

3.1. Internal Temperature

As a result of the calculations, the internal air temperature annual variations were
obtained. Considering the only empty building envelope, in winter, regardless of TMY, the
temperature inside the building drops below 0 ◦C. In summer, however, it does not exceed
25 ◦C. Figure 8 shows the example of the calculation results for TMY_3 (for Z_1 and Z_5,
i.e., two extreme curves).

Figure 8. Internal air temperature of the first and fifth zones based on calculations that do not take
into account (left) and take into account (right) shading from nearby buildings (TMY_3).

Depending on the building floor, for V_1A, the minimum temperatures for TMY_1
ranged from −2.1 ◦C to −1.9 ◦C, for TMY_2 from −2.5 ◦C to −2.4 ◦C, and for TMY_3
from −1.8 ◦C to −1.5 ◦C (Figure 9). After taking into account the shading from the nearby
buildings (V_1B), these temperatures decreased even further: for TMY_1 it ranged from
−2.7 ◦C to −2.4 ◦C, for TMY_2 from −3.4 ◦C to −2.9 ◦C, and for TMY_3 from −2.4 ◦C to
−2.1 ◦C. For V_1A, the maximum temperatures for TMY_1 ranged from 23.9 ◦C to 24.7 ◦C,
for TMY_2 and TMY_3 from 24.2 ◦C to 25.0 ◦C. For V_1B, similarly to V_1A, after taking
into account shading, the temperatures decreased: for TMY_1 it ranged from 23.0 ◦C to
24.4 ◦C, and for TMY_2 and TMY_3 from 23.2 ◦C to 24.6 ◦C.

As can be seen from Figure 8 as well as Figure 9, the results obtained for the individual
zones differ slightly from each other. However, they are highly correlated. The correlation
coefficient between individual zones, for all the considered variants, is 0.999.

In the case of the analysed type of building in the climate conditions of Kraków, cooling
is typically not used in the summer. In the case of passive microclimate shaping (without
taking into account any internal heat gains), the temperature in this period is within the
target range (Figure 8). However, after taking into account internal heat gains (for an
additional calculation variant), as a result of the simulation, regardless of the selected TMY,
the temperatures on all floors of the building exceeded the assumed upper limit of this
range, i.e., 26 ◦C.
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Figure 9. Basic descriptive statistics (location parameters) for internal air temperature (V_1A and
V_1B) for chosen TMYs.

For variants where both heating and cooling systems are assumed, room temperature
is maintained within the specified range. Due to the assumption of ideal systems, it is
exactly 20 ◦C during the heating period and exactly 26 ◦C during the cooling period
(Figure 10). After taking into account shading, the differences in indoor air temperature
between individual zones are more visible (this applies to transitional periods when HVAC
installations are not operating)—the temperatures on the lower floors are lower, with the
average difference between Z_5 and Z_1 being 0.15 ◦C higher when taking into account
shading (the maximum difference is 0.4 ◦C higher).
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Figure 10. Internal temperature for Z_1 and Z_5 based on the calculations that take into account
HVAC systems (heating and cooling), V_3A and V_3B for TMY_3.

3.2. Solar Heat Gains

As a result of the simulations, the solar heat gains were also determined. In the case of
calculations without shading, for each floor (calculation zone) the maximum hourly solar
heat gains were 13 kW for TMY_1 and 14 kW for TMY_2 as well as TMY_3. As can be
seen in Figure 11, the variability patterns for individual zones are almost identical (within
individual TMYs)—with a standard deviation of 3.65 kW. In the case of variants in which
shading was taken into account, the solar heat gains differ depending on the zone. For this
case, the maximum hourly heat gains and standard deviation are listed in Table 8.

Figure 11. Moving average (48 h) of solar heat gains for Z_1 and Z_5 (the concept of moving
average was used for the sake of clear graphical interpretation of the results), V_3A and V_3B for
chosen TMYs.
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Table 8. Maximum solar heat gains and standard deviation for V_3B.

External Climate
Maximum Solar Heat Gains, [kW] Standard Deviation, [kW]

Z_1 Z_2 Z_3 Z_4 Z_5 Z_1 Z_2 Z_3 Z_4 Z_5

TMY_1 10.7 12.8 13.1 13.6 13.8 2.1 2.5 2.7 3.2 3.4
TMY_2 10.7 12.8 13.1 13.6 13.8 2.0 2.4 2.6 3.1 3.3
TMY_3 10.7 11.4 11.6 11.9 12.2 2.3 2.7 2.9 3.3 3.5

The medians of hourly solar heat gain values obtained for variant A were 5.1 kW
for TMY_1, and 4.8 kW for TMY_2 and TMY_3. In the case of variant B, they differed
depending on the zone:

• for TMY_1: 2.2 kW (for Z_1), 2.5 kW (Z_2), 2.8 kW (Z_3), 4.0 kW (Z_3) and 4.4 kW (Z_5);
• for TMY_2 and TMY_3: 1.9 kW (for Z_1), 2.1 kW (Z_2), 2.5 kW (Z_3), 3.6 kW (Z_3)

and 4.1 kW (Z_5).

In case of the total (annual) value of the solar heat gains for the variants without
considering shading, they amounted to 114,499 kW for TMY_1, 109,973 kW for TMY_2 and
112,496 kW for TMY_3. After considering the shading, they dropped to a level of 85,556 kW
for TMY_1, 78,292 kW for TMY_2 and finally 80,107 for TMY_3.

The solar heat gains were also characterized by different levels and frequency of
changes in individual zones. For the variants in which shading was not taken into account,
the coefficient of variation is at the same level, i.e., 1.4. For the variants in which shading
was taken into account, it is 1.57–1.60 for Z_1, 1.57–1.58 for Z_2, 1.54–1.55 for Z_3, 1.56–1.47
for Z_4 and 1.42–1.44 for Z_5 (Figure 12). This means that the lower the floor, the greater
the variability in the solar heat gains.

Figure 12. Coefficient of variation of solar heat gains for V_3A and V_3B for chosen TMYs.

3.3. Energy Demand

The energy demand for heating was determined based on variants V_2A and V_2B,
while the energy demand for cooling was determined based on variants V_3A and V_3B.
Heating and cooling power (per hour) during the calendar year for TMY_3 is illustrated in
Figure 13.
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Figure 13. Heating power (V_2A and V_2B) (a) and cooling power (V_3A and V_3B) (b) for TMY_3.

3.3.1. Heating

In the case of the calculations without shading, no differences were noted between
the maximum heating power for zones Z_2, Z_3 and Z_4. It was 30.3 kW·h−1 for TMY_1,
31.0 kW·h−1 for TMY_2 and 30.0 kW·h−1 for TMY_3 (Table 9). In the case of the 1st floor
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(Z_1), the increase in heating power by an average of 2.63 kW·h−1 (average calculated from
all TMYs) was influenced by the heat exchange through the floor to the ground. For Z_5,
the increase of an average of 2.9 kW·h−1 was influenced by the heat exchange through the
ceiling to the unheated attic. In the case of the calculations with shading, relatively small
changes (of approx. 0.2 kW·h−1) were observed between zones Z_2 and Z_4. Similarly, an
increase in heating power was observed for the extreme zones. It amounted to an average
of 2.63 kW·h−1 and 5.19 kW·h−1 for the first and top floors, respectively. It should be
emphasized that the differences between individual TMYs are greater compared to the
variants that do not take into account shading.

Table 9. Maximum heating power.

External Climate
Without Shading, [kW·h−1] With Shading, [kW·h−1]

Z_1 Z_2 Z_3 Z_4 Z_5 Z_1 Z_2 Z_3 Z_4 Z_5

TMY_1 32.9 30.3 30.3 30.3 33.1 32.9 30.3 30.2 30.1 34.9
TMY_2 33.6 31.0 31.0 31.0 34.1 34.1 31.5 31.4 31.1 36.7
TMY_3 32.7 30.0 30.0 30.0 32.8 32.9 30.2 30.2 30.0 35.2

Obviously, the heating system does not operate at maximum power all the time. The
values of the median of heating power for zones Z_2 to Z_4 are similar, regardless of TMY
and whether shading has been taken into account or not. They remain within the range 12.4 to
12.8 kW·h−1 (Figure 14a). In the case of Z_1, the median is in the range of 14.4 to 14.7 kW·h−1

(except for variant V_2B for TMY_1 where it is 13.9 kW·h−1). For zone Z_5, there is a clear
difference between the variant V_2A (depending on TMY 14.5–14.6 kW·h−1) and the one in
which shading was taken into account depending on TMY 15.6–15.7 kW·h−1).

Figure 14. Median of heating power (a) and annual energy demand for heating (b), (V_2A and V_2B)
for chosen TMYs for zones (Z_1–Z_5) and whole building (W.B.).

Taking into account the annual energy demand for heating, the differences between
variants V_2A and V_2B are visible. Depending on TMY, for V_2A they remain in the
following ranges (Figure 14b):
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• 80,418–82,384 kWh for Z_1;
• 65,576–67,474 kWh for Z_2–Z_4;
• 76,384–78,138 kWh for Z_5.

These give the annual heating energy demand for the entire building (W.B in Figure 14b)
at the level of 353,933–362,456 kW. For V_2B, where the differences between zones Z_2–Z_4
are visible, the results were as follows:

• 88,610–91,427 kWh for Z_1;
• 71,451–72,388 kWh for Z_2;
• 69,957–70,962 kWh for Z_3;
• 67,575–68,664 kWh for Z_4;
• 84,066–85,456 kWh for Z_5.

These figures give the annual heating energy demand for the entire building at the
level of 381,659–388,248 kWh. The lowest demand was recorded for TMY_3 and the highest
for TMY_1.

3.3.2. Cooling

In the case of cooling power, regardless of whether the shading from nearby buildings is
taken into account or not, there are differences depending on the floors. They are the result of
increased heat exchange between the outer floors and the surroundings (ground and unheated
attic), which influences the heat exchange between the middle floors. The maximum cooling
power is presented in Table 10. In the absence of shading, it assumes values in the range
7.0–12.8 kW·h−1 for TMY_1, 10.8–17.0 kW·h−1 for TMY_2 and 10.5–16.6 kW·h−1 for TMY_3.
After taking into account shading, the cooling power decreased significantly for the lower
floors and only slightly for the top floor. The ranges in this case are 0.7–12.3 kW·h−1 for
TMY_1, 4.7–15.7.0 kW·h−1 for TMY_2 and 2.8–15.7 kW·h−1 for TMY_3.

Table 10. Maximum cooling power.

External Climate
Without Shading, [kW·h−1] With Shading, [kW·h−1]

Z_1 Z_2 Z_3 Z_4 Z_5 Z_1 Z_2 Z_3 Z_4 Z_5

TMY_1 7.0 12.3 12.8 12.8 12.3 0.7 9.7 11.5 12.2 12.3
TMY_2 10.8 15.8 17.0 16.6 15.8 4.7 12.1 14.8 15.7 15.4
TMY_3 10.5 15.7 16.5 16.6 15.9 2.8 12.0 14.8 15.7 15.3

In the case of the calculations for cooling, the differences related to the TMY, used as
the boundary conditions, are clearly visible. However, in each case there is a clearly visible
reduction in cooling power for the variants taking into account shading (Figure 15a). The
greatest differences between variants A and B were noted for the lower floors:

1. for TMY_1:

• for variant without shading (variant V_3A): 1.9 kW·h−1 for Z_1, 7.2 kW·h−1 for
Z_2, and 7.6 kW·h−1 for Z_3 as well as Z_4, and 7.1 kW·h−1 for Z_5;

• for variant with shading (variant V_3B): 0.7 kW·h−1 for Z_1, 3.7 kW·h−1 for Z_2,
5.8 kW·h−1 for Z_3, 7.0 kW·h−1 for Z_4 and 6.8 kW·h−1 for Z_5,

2. for TMY_2:

• for variant V_3A: 3.2 kW·h−1 for Z_1, 4.7 kW·h−1 for Z_2, 4.3 kW·h−1 for Z_3,
4.2 kW·h−1 for Z_4 and 4.5 kW·h−1 for Z_5;

• for variant V_3B: 2.1 kW·h−1 for Z_1, 3.5 kW·h−1 for Z_2, 3.8 kW·h−1 for Z_3,
4.2 kW·h−1 for Z_4 and 4.4 kW·h−1 for Z_5,

3. for TMY_3:

• for variant V_3A: 2.6 kW·h−1 for Z_1, 3.6 kW·h−1 for Z_2, 4.1 kW·h−1 for Z_3,
4.2 kW·h−1 for Z_4 and 3.9 kW·h−1 for Z_5;
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• for variant V_3B: 0.7 kW·h−1 for Z_1, 2.6 kW·h−1 for Z_2, 3.4 kW·h−1 for Z_3,
3.6 kW·h−1 for Z_4 and 3.4 kW·h−1 for Z_5.

Figure 15. Median of cooling power (a) and annual energy demand for cooling (b), (V_3A and V_3B)
for chosen TMYs for zones (Z_1–Z_5) and whole building (W.B.).

Taking into account the annual energy demand for cooling, the differences between
variants V_3A and V_3B are clearly visible. Depending on the TMY, for V_3A they amount
to the following (Figure 15b):

• 193–322 kWh for Z_1;
• 1023–1382 kWh for Z_2;
• 1408–1952 kWh for Z_3;
• 1442–2042 kWh for Z_4;
• 1151–1601 kWh for Z_5.

These figures give the annual cooling energy demand for the entire building (W.B at
Figure 15b) at the level of 5347–7269 kWh. For V_3B, where the differences between zones
Z_2–Z_4 are visible, the following figures were obtained:

• 1–25 kWh for Z_1;
• 248–323 kWh for Z_2;
• 603–737 kWh for Z_3;
• 892–1237 kWh for Z_4;
• 783–1178 kWh for Z_5.

These figures give the annual cooling energy demand for the entire building at the
level of 2702–3398 kWh. The lowest demand was recorded for TMY_2 and the highest for
TMY_3.

4. Discussion of the Results

The analysed building is located in a temperate climate, where heating is a key issue.
However, calculations have confirmed that in the era of climate warming, in order to
maintain thermal comfort conditions, cooling is also necessary. Based on the projected
climate changes in Central Europe, regardless of the climate change scenario, increasingly
longer heat waves with increasingly higher temperatures are predicted. As a consequence,
higher temperatures are expected to cause a shift in the geographical distribution of climate

196



Energies 2024, 17, 6400

zones [50]. According to data collected in various parts of the world, climate change has
caused an increase in the frequency, duration and intensity of heat waves [51,52]. Therefore,
a multi-criteria approach to managing and optimizing energy consumption in buildings
is important. As the analysis of the results shows, taking into account the shading from
nearby buildings may be crucial for optimizing the volume (power of devices, diameters of
ducts and pipes) of the HVAC installation.

In the analysed case, the value of the inverted aspect ratio H/W for the modelled
building with its surroundings is 1.11 for both the north–south and east–west axes. This
value, as given by [53], is similar to the value for regular urban canyons, where the H/W
values are 0.5 for avenue-type canyons, 1.0 for regular canyons with a similar building
height and street width, and values above 2.0 for deep canyons. In [54], it was pointed
out that H/W is more important than orientation. For this reason, changes in building
orientation were not tested.

In the discussed case, the annual energy demand for heating, after considering the
shading, increased by 7% for TMY_1 (25,793 kWh) and by 8% (27,505 kWh) for TMY_2 and
TMY_3 (27,726 kWh). Considering the division of the building into zones, the calculations
show that the increase in energy demand for heating also depends on the floor. It is as
follows:

• for TMY_1: 11% for Z_1, 7% for Z_2, 5% for Z_3, 2% for Z_4 and 9% for Z_5;
• for TMY_2: 10% for Z_1, 8% for Z_2, 6% for Z_3, 3% for Z_4 and 10% for Z_5;
• for TMY_3: 10% for Z_1, 8% for Z_2, 7% for Z_3, 3% for Z_4 and 10% for Z_5.

For all TMYs, the results for individual zones are similar. The greatest increase in
demand for heating is observed on the outer floors, while the smallest is observed on the
middle floor, i.e., where the climate is stabilized by the adjacent heated zones.

In the case of energy demand for cooling, as was to be expected, a decrease was
noted after considering shading: 50% for TMY_1 (3302 kWh), 49% for TMY_2 (2645 kWh)
and finally 53% for TMY_3 (3871 kWh). Similarly to the heating, in this case there were
differences for the zones as follows:

• for TMY_1: 99% for Z_1, 73% for Z_2, 59% for Z_3, 41% for Z_4 and 24% for Z_5;
• for TMY_2: 92% for Z_1, 70% for Z_2, 57% for Z_3, 38% for Z_4 and 24% for Z_5;
• for TMY_3: 95% for Z_1, 82% for Z_2, 63% for Z_3, 39% for Z_4 and 26% for Z_5.

For all TMYs, the results for individual zones are similar. The greatest decrease in
demand for cooling is observed on the bottom floors, while the smallest is observed on the
top floor.

The 8% increase in energy demand for heating and 50% decrease in energy demand
for cooling obtained from the calculations are confirmed in the literature. These results
cannot be extrapolated directly to those obtained for hot or cold climates, which are the
focus of most publications (e.g., shading studies showed that energy demand decreases
by 42% in summer in Miami and increases by 22% in winter in Minneapolis [31]), but
according to [27], for a building analysed in a moderate climate with H/W equal to 2.0, the
increase in the energy demand for heating, after considering shading, reaches 26.3% and
the decrease in the energy demand for cooling reaches 53.6%. Therefore, the depth of the
urban canyon will have a significant impact on the differences in the building’s demand
for energy needed for heating and cooling. This relationship in Poland was also confirmed
in [55] (pp. 107–116).

As shown by the detailed analysis of the maximum energy demand, considering
shading has less impact on the size of the designed installation in the case of heating than
cooling (because these systems are designed for maximum heat losses and gains). For
heating, the average increase in the maximum energy demand for all the tested outdoor
climates was 0.6% for all zones except the top floor (Z_5), for which the increase was 6.8%.
For cooling, greater variability was observed. Related to both the change in zone and
external climate, maximum energy demand decreased by the following:
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• for TMY_1: 87% for Z_1, 21% for Z_2, 10% for Z_3, 5% for Z_4 and for Z_5 remained
unchanged;

• for TMY_2: 57% for Z_1, 23% for Z_2, 13% for Z_3, 5% for Z_4 and 3% for Z_5;
• for TMY_3: 73% for Z_1, 24% for Z_2, 10% for Z_3, 5% for Z_4 and 3% for Z_5.

The differences in the results for individual calculation zones confirm the necessity
of such divisions, even for relatively low buildings. As shown in the results of previous
research [30], division into individual storeys is sufficient. It should be emphasized that
in the case of calculations used in the dimensioning of air-conditioning installations, the
division of individual storeys into smaller calculation zones should be considered (due to
the high dependence of heat gains on solar radiation).

It should be noted that the annual energy demand for both processes is influenced by
the operating time of the devices, in addition to the hourly energy demand. As can be seen
in the example of TMY_3 (Figure 16), considering shading resulted in an increase in the
operating time of heating devices and a reduction in the operating time of cooling devices.
In case of heating the percentage of equipment operating time during the year increased
as follows:

• for TMY_1: from 59.1% to 62.8% for Z_1, from 54.0% to 57.2% for Z_2, from 53.5% to
57.2% for Z_3, from 53.4% to 54.4% for Z_4 and from 55.6% to 56.2% for Z_5;

• for TMY_1: from 57.5% to 62.8% for Z_1, from 52.8% to 56.9% for Z_2, from 50.0% to
55.5% for Z_3, from 52.1% to 54.2% for Z_4 and from 53.7% to 56.2% for Z_5;

• for TMY_1: from 58.1% to 63.7% for Z_1, from 52.7% to 57.8% for Z_2, from 51.9% to
56.7% for Z_3, from 52.9% to 55.4% for Z_4 and from 53.7% to 57.9% for Z_5.

• In the case of cooling, the changes in percentage are as follows:
• for TMY_1: from 0.9% to 0.1% for Z_1, from 3.3% to 0.8% for Z_2, from 4.9% to 2.1%

for Z_3, from 5.2% to 3.3% for Z_4 and from 4.2% to 3.2% for Z_5;
• for TMY_1: from 0.9% to 0.1% for Z_1, from 2.2% to 0.8% for Z_2, from 3.2% to 1.5%

for Z_3, from 3.3% to 2.1% for Z_4 and from 2.5% to 2.1% for Z_5;
• for TMY_1: from 1.0% to 0% for Z_1, from 3.6% to 1.1% for Z_2, from 4.7% to 2.3% for

Z_3, from 4.8% to 3.1% for Z_4 and from 4.0% to 3.1% for Z_5.

Figure 16. Percentage of heating and cooling devices operating time per year for TMY_3.

The maximum hourly energy demand values can be compared to the heating and
cooling power. Design heat load is defined as the heat flow (power) required to achieve
the specified internal design temperature under external design conditions. For the whole
building, it is calculated from all transmission heat losses to the exterior and the ventilation
heat loss of the building and with or without additional heating power. As a result
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of the calculations carried out (according to [11,12]), without taking into account the
heating power, for the middle floor (Z_3) of the analysed building, a value of 38.3 kW was
obtained. This means that in the case of steady-state calculations, 22–28% higher heating
load (depending on TMY) values were obtained. It should be emphasized, however, that
the calculations were performed at the currently applicable calculation temperature for
winter, which is −20 ◦C for Kraków. In the case of calculations made assuming a designed
outside temperature of −17 ◦C (minimum temperature for the assumed statistical climates)
the heating load decreased to 35.4 kW. In this case, the heating load obtained was higher
than for transient calculations by 13–18%.

There are many methods for sizing HVAC systems. A review of the calculation meth-
ods used for this purpose can be found in [56,57]. In Poland, the calculation methodology
proposed in [58–60] is commonly used. Based on calculations made according to this
method, assuming internal heat gains at the level of 9.8 kW (which corresponds to the
maximum heat gains assumed in transient calculations), the cooling load for Z_3 is 51 kW.
Therefore, it can be stated that the transient calculations gave a result that was 64–73%
lower for the variant without shading and 71–77% with shading. Such large differences
result from the fact that constant (lasting throughout the day) internal heat gains were
assumed in the calculations and also from the estimated determination of the building’s
thermal storage capacity.

Due to the fact that the analysed building is generic, it was impossible to validate and
calibrate the model. The calculations also assume that HVAC systems operate without
any losses. Therefore, the energy demand results cannot be considered final. The accuracy
of the predictions is also influenced by the adoption of a simplified scheme of internal
heat and moisture gains. As the analyses show, their impact on the demand for energy for
cooling is significant. In variants where internal heat gains were not taken into account
(e.g., V_1A and V_1B), the calculated internal temperature in the summer period did not
exceed the permissible range (Figure 8). Therefore, according to these variants, for the
assumed external climates, there was no need for cooling. Nevertheless, adopting the
above-described simplifications allows for the formulation of generalized conclusions.

It should also be emphasized that the use of statistical climates affects the calculated
energy demand (for heating and cooling) and loads. Observations of the actual climate in
Kraków show that in recent years it has been significantly warmer than statistical climates,
with long heat waves (in studies concerning Poland, a heat wave is often defined as a
series of at least 3 days with maximum air temperature above 30 ◦C on each day) and
tropical nights (by definition, a tropical night is when the air temperature does not drop
below 20 ◦C throughout the night). For example, according to TMY_3, no tropical night is
expected in July. In reality, a series of 6 nights in a row with temperatures not falling below
18 ◦C (in Polish conditions—a very warm night) was recorded in July 2024 (Figure 17).
Three of them were tropical.

Figure 17. External air temperature according to TMY_3 against the temperature measured in Kraków
on 8–13 July 2024.
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5. Conclusions

The above analysis shows that considering shading from nearby buildings in the
calculations of energy and power demand can significantly affect these calculations even
in moderate climates. It also shows that the division of buildings into individual floors is
equally important. The accuracy of the calculations not only impacts the system size but
also influences the building’s performance over the long run since oversized or undersized
HVAC systems can exhibit less than optimal operation [56].

In temperate climates, the influence of shading in urban areas cannot be neglected in
the calculation of energy demand for heating and cooling as well as in load calculation. In
the case of a typical five-floor residential tenement house from the turn of the 20th century
in Kraków, an 8% increase in energy demand for heating and a 50% reduction in energy
demand for cooling were estimated.

The use of steady-state calculations (without considering shading from nearby build-
ings) may lead to oversizing the air conditioning systems on the lowest floors of the
building. However, determining the exact oversizing requires further research.

In calculations, it is advisable to introduce separate calculation zones for each floor.
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Hungary, 29 July–1 August 2024.

10. EN ISO 52016-1; Energy Performance of Buildings. Calculation of the Energy Needs for Heating and Cooling, Internal Tempera-
tures and Heating and Cooling Load in a Building or Building Zone—Part 1: Calculation Procedures. European Committee for
Standardization: Brussels, Belgium, 2017.

11. Environmental Design: CIBSE Guide A; Chartered Institution of Building Services Engineers: London, UK, 2021.
12. EN 12831:2003; Heating Systems in Buildings—Method for Calculation of the Design Heat Load. European Committee for

Standardization: Brussels, Belgium, 2003.
13. Vartholomaios, A. A parametric sensitivity analysis of the influence of urban form on domestic energy consumption for heating

and cooling in a Mediterranean city. Sustain. Cities Soc. 2017, 28, 135–145. [CrossRef]
14. Liu, H.; Pan, Y.; Yang, Y.; Huang, Z. Evaluating the impact of shading from surrounding buildings on heating/ cooling energy

demands of different community forms. Build. Environ. 2021, 206, 108322. [CrossRef]
15. Ichinose, T.; Lei, L.; Lin, Y. Impacts of shading effect from nearby buildings on heating and cooling energy consumption in hot

summer and cold winter zone of China. Energy Build. 2017, 136, 199–210. [CrossRef]
16. Santamouris, M.; Asimakopoulos, D. Energy and Climate in the Urban Built Environment, 1st ed.; James & James: London, UK, 2001.

200



Energies 2024, 17, 6400

17. Johnson, G.; Watson, I. The determination of View-Factors in Urban Canyons. J. Appl. Meteorol. Climatol. 1984, 23, 329–335.
[CrossRef]

18. Matzarakis, A.; Matuschek, O. Estimation of Sky View Factor in Urban Environments. Available online: https://www.
researchgate.net/publication/267944926_Estimation_of_Sky_View_Factor_in_urban_environments (accessed on 11 November
2024).

19. Beckers, B. Geometrical Interpretation of Sky Light in Architecture Projects. Available online: http://www.heliodon.net/
downloads/Beckers_2007_Helio_001_en.pdf (accessed on 11 November 2024).

20. Ali-Toudert, F.; Mayer, H. Effects of asymmetry, galleries, overhanging facedes and vegetation on thermal comfort in urban street
canyons. Sol. Energy 2007, 81, 742–754. [CrossRef]

21. Johansson, E. Influence of the urban geometry on outdoor thermal comfort in a hot dry climate: A study in Fez, Morocco. Build.
Environ. 2006, 41, 1326–1338. [CrossRef]

22. Huang, Y.; Akbari, H.; Taha, H.; Rosenfeld, A. The potential of vegetation in reducing summer cooling loads in residential
buildings. J. Appl. Meteorol. 1987, 26, 1103–1116. [CrossRef]

23. Oke, T. Street design and urban canopy layer climate. Energy Build. 1988, 11, 103–113. [CrossRef]
24. Arnfield, J. Street design and urban canyon solar access. Energy Build. 1990, 14, 117–131. [CrossRef]
25. Lam, J. Shading effects due to nearby buildings and energy implications. Energy Convers. Manag. 2000, 41, 647–659. [CrossRef]
26. Danny, H.; Li, W.; Wong, S. Daylighting and energy implications due to shading effects from nearby buildings. Appl. Energy 2007,

84, 1199–1209.
27. Han, Y.; Taylor, J.; Pisello, A. Exploring mutual shading and mutual reflection inter-building effects on building energy perfor-

mance. Appl. Energy 2017, 185, 1556–1564. [CrossRef]
28. Ali, U.; Shamsi, M.H.; Hoare, C.; Mangina, E.; O’Donnell, J. Review of urban building energy modeling (UBEM) approaches,

methods and tools using qualitative and quantitative analysis. Energy Build. 2021, 246, 111073. [CrossRef]
29. Frayssinet, L.; Merlier, L.; Kuznik, F.; Hubert, J.L.; Milliez, M.; Roux, J.J. Modeling the heating and cooling energy demand of

urban buildings at city. Renew. Sustain. Energy Rev. 2018, 81, 2318–2327. [CrossRef]
30. Faure, X.; Johansson, T.; Pasichnyi, O. The Impact of Detail, Shadowing and Thermal Zoning Levels on Urban Building Energy

Modelling (UBEM) on a District Scale. Energies 2022, 15, 1525. [CrossRef]
31. Pisello, A.; Taylor, J.; Xu, X. Inter-building effect: Simulating the impact of a network of buildings on the accuracy of building

energy performance predictions. Build. Environ. 2012, 58, 37–45. [CrossRef]
32. Bludau, C. Shading of flat roofs. In Proceedings of the 2nd International Conference on Moisture in Buildings (ICMB23), Online,

3–4 July 2023.
33. Wen, J.; Xie, Y.; Yang, S.; Yu, J.; Lin, B. Study of surrounding buildings’ shading effect on solar radiation through. Sustain. Cities

Soc. 2022, 86, 104143. [CrossRef]
34. Natanian, J.; Wortmann, T. Simplified evaluation metrics for generative energy-driven urban design. Energy Build. 2021,

240, 110916. [CrossRef]
35. Nawalany, G.; Sokołowski, P.; Lendelova, J.; Zitnak, M.; Jakubowski, T.; Atilgan, A. Numerical analysis of the heat exchange

model with the ground on the example of a complex of industrial halls. Energy Build. 2023, 300, 113689. [CrossRef]
36. Wijesuriya, S.; Tabares-Velasco, P.C.; Biswas, K.; Heim, D. Empirical validation and comparison of PCM modeling algorithms

commonly used in building energy and hygrothermal software. Build. Environ. 2020, 73, 106750. [CrossRef]
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Abstract: Office buildings are responsible for about 35% of the total electricity in the US and over
70% of building energy consumption occurs during occupancy periods. Therefore, understanding
occupancy behavior is crucial for reducing building energy consumption. However, given the
stochastic nature of occupant behavior, identifying which occupancy parameters have the most
impact on energy consumption poses a considerable challenge. This study aims to investigate and
quantify the impact of various occupancy parameters on the energy performance of a US small-
sized office building using an EnergyPlus-based nationwide energy simulation. First, dynamic
occupancy schedules are created based on different occupancy parameters using an agent-based
model. Next, the generated dynamic occupancy schedules are integrated into a small office building
model from the Department of Energy’s prototypes. This creates a dataset of occupancy parameters
and building energy performance across various climate zones. Finally, various feature selection
and statistical analysis methods are applied to the generated dataset. This helps identify significant
occupancy parameters and quantify their impact on building energy performance across different
climate zones. According to the results of the study, buildings located in cool marine, mixed marine,
and warm marine climate zones had lower total energy consumption compared to other zones.
Additionally, feature selection methods identified “Occupant Density” as the primary significant
variable impacting energy consumption, across all climate zones. These findings offer valuable
insights into the influential occupancy parameters across various climate zones, highlighting the
importance of tailoring occupancy schedules to enhance energy efficiency. They provide practical
guidance that can be directly applied to optimize energy consumption and achieve significant energy
savings in small office settings with different weather conditions.

Keywords: building simulation; occupant behavior; energy consumption; dynamic occupancy schedules

1. Introduction

Office buildings account for about 35% of overall electricity consumption in the US [1].
Crucially, over 70% of building energy consumption occurs during occupancy periods,
underlining the importance of understanding and optimizing occupancy behavior for
improving building energy efficiency [2]. Analyzing the various occupancy parameters
and their impacts on building energy performance is essential for moving toward smart
and energy-efficient buildings [3]. Therefore, it is necessary to identify which occupancy
parameters have a significant impact on building energy performance and quantify their
impact on building energy consumption [4].

Some studies have focused on the role of occupant behavior in building energy per-
formance simulation and presented a review of the existing literature. For instance, Yan
et al. [5] reviewed the literature in terms of monitoring occupant behavior and collecting
the occupancy data, modeling occupant behavior, evaluating the occupancy models, and
integrating the models into building performance simulation tools. They emphasized the
importance of developing a standardized framework for describing and modeling occupant
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behavior in buildings. Yang et al. [6] explored occupancy sensing technologies and methods
for modeling occupant behavior in institutional buildings. They highlighted the challenges
associated with implementing occupancy sensing and monitoring in institutional buildings,
primarily because of the substantial number of occupants, their considerable variability,
and the diverse functions of these buildings for certain techniques and methodologies.
Norouziasl et al. [7] conducted a systematic review of the literature regarding modeling and
simulation tools for human-building energy-related interaction. They established a frame-
work for inputs and outputs in modeling occupant behavior and outlined the most effective
techniques for simulating occupant behavior in building energy performance. Bäcklund
et al. [8] focused on campus buildings, highlighting the evolving behaviors of occupants
influenced by smart building systems. Their semisystematic literature review emphasized
the significant impact of such systems on energy use, promoting a shift towards more
energy-aware behaviors. This research underscores the potential for integrating smart sys-
tems into building management to optimize energy consumption and enhance educational
environments. Additionally, Vosoughkhosravi et al. [9] provided a systematic review of
the use of the American Time Use Survey (ATUS) in modeling occupant behavior. In this
review, the authors investigated occupant behavior models and approaches developed
based on ATUS. They offered a comprehensive analysis of modeling methods, required
inputs and outputs, as well as the most practical occupant behavior methods.

Among the studies aiming to simulate occupant energy-related behavior, Chen et al. [10]
developed an agent-based occupancy simulator to simulate the stochastic behavior of
occupants, including occupants’ presence and movement. They employed a homoge-
neous Markov chain model to simulate the stochastic occupancy schedules for each office
room and the whole building. Then, the generated occupancy schedules were used in
the EnergyPlus and obFMU simulation to evaluate the impacts of occupant behavior on
building energy performance [11]. Putra et al. [12] also developed an agent-based model
(ABM) to study building occupant behavior during load shedding, simulating occupants’
adaptive actions and their impact on building energy consumption. In a similar study, Jia
et al. [13] investigated the impact of actual and modeled occupant behavior information
on building performance simulation. They used an agent-based modeling approach to
simulate occupant behavior and conducted a cosimulation with a building energy model.
Their study highlighted the significant influence of different occupant behavior inputs on
building energy performance. Another study by Parys et al. [14] focused on integrating
stochastic models of occupant behavior with dynamic building simulations. The authors
reviewed various methods for this integration, emphasizing the importance of accurately
modeling occupant behavior to improve the precision of energy performance predictions
in office buildings. By coupling dynamic building simulations with stochastic occupant
behavior models, the study aimed to address the variability and unpredictability of human
actions, which significantly impact energy consumption. This integrated methodology
helped in creating more realistic and reliable simulations, ultimately leading to better-
informed decisions for energy-efficient building design and operation. Almeida et al. [15]
also studied the uncertainty in occupant behavior in building energy models. They found
that energy consumption could vary significantly based on different occupancy schedules
and environmental preferences, highlighting the importance of accurate occupant behavior
modeling. In their 2019 study, Gunay et al. [16] developed an occupancy learning algo-
rithm for terminal heating units. They investigated how occupant behavior impacts the
energy performance of HVAC systems by utilizing both field data and simulation models.
Their findings highlighted the importance of accurately modeling occupant behavior to
optimize HVAC system performance and improve energy efficiency in buildings. In a
similar study by Li et al. [17], they explored the use of radio frequency identification (RFID)
technology to measure and monitor occupancy in buildings. The authors developed an
RFID-based system designed to provide real-time occupancy data, which can be used
to optimize HVAC operations. By accurately tracking the presence and movement of
occupants, the system allows for demand-driven HVAC control, which adjusts heating
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and cooling based on actual occupancy rather than predefined schedules. This approach
can significantly improve energy efficiency by reducing unnecessary heating or cooling of
unoccupied spaces, leading to potential energy savings and enhanced comfort for building
occupants. In addition, Chen et al. [18] proposed two stochastic Markov chain models
using real data to simulate the occupancy schedule in commercial buildings. These models
simplified transition probability calculations and offered occupancy-based energy models
for single-zone and multi-zone offices. Page et al. [19] developed an algorithm for sim-
ulating occupant presence in buildings using an inhomogeneous Markov chain model.
The model was then integrated with building energy simulation as an input to account
for future occupant behavior. By applying this model to occupancy data from private
offices, the study demonstrated the key aspects of occupant presence, including arrival and
departure times, and intermediate periods of absence in energy consumption patterns. A
number of studies have concentrated on enhancing energy efficiency in buildings through
improved occupancy modeling and predictive analysis. For instance, Oldewurtel et al. [20]
investigated the potential of using occupancy information to realize a more energy efficient
building climate control. In their research, a model predictive control (MPC) framework
was employed to assess the energy savings potential of office buildings with different
occupancy types. This comparative analysis considered different building types, HVAC
systems, seasonal variations, and occupancy patterns to evaluate their respective effects
on energy-saving potential. In another study, Rafsanjani et al. [21] conducted research on
the influence of occupants’ energy-consuming behaviors, such as arrival, departure and
electricity-use patterns, in commercial buildings and quantified their potential for energy
savings. The proposed study combined occupancy sensing with building energy data to
assess the feasibility of the developed approach in identifying occupant-specific energy con-
sumption information. Erickson et al. [22] addressed the inefficiencies of existing climate
control systems that rely on maximum occupancy numbers, often resulting in unnecessary
heating or cooling of infrequently used rooms. They utilized the occupancy data to develop
multivariate Gaussian and agent-based models for predicting occupancy patterns and then
implemented optimal control strategies to reduce the energy consumption of the HVAC
system. Recent developments in urban-building energy modeling (UBEM) underscore the
significant impact of occupant behavior on energy consumption within urban environ-
ments. Banfi et al. [23], in their comprehensive review, emphasized the limitations of static
occupant profiles often utilized in current modeling practices. Advocating for dynamic and
stochastic models, the study examines the integration challenges and the need for more
sophisticated occupant behavior models to enhance the accuracy and relevance of urban
energy simulations.

Existing research has primarily focused on the general effects of occupancy schedules
on building energy performance. However, these studies often do not fully explore the
influence of specific occupancy-related parameters, such as arrival and departure times,
lunch breaks, and the frequency and duration of meetings on energy consumption, partic-
ularly within office settings. This gap limits the applicability of such studies for creating
accurate, actionable energy management strategies tailored to routine human behaviors.
Moreover, the body of research considering occupancy schedules rarely extends its analysis
to compare these effects across diverse climatic conditions. The United States presents a
unique landscape with a wide range of climate zones, each presenting distinct challenges
and opportunities for energy management in office buildings. Comparative analysis across
different climate zones is crucial but has been rarely covered in the research literature. Gain-
ing insight into these differences is important. Understanding how occupancy schedules
influence energy consumption in different climates can significantly enhance the devel-
opment of localized, climate-specific energy conservation measures. Such detailed and
comparative research is critical not only for advancing theoretical knowledge but also for
informing policymakers and building managers. Tailored strategies could subsequently
be developed to optimize energy use in office buildings nationwide, potentially leading
to substantial reductions in energy costs and environmental impacts. This research gap

234



Energies 2024, 17, 5277

presents a significant opportunity for a pioneering study that could set new directions for
future energy efficiency initiatives and policies.

To address the mentioned gaps, this study aims to analyze the impacts of different
occupancy parameters (e.g., the time occupants arrive at or leave the workplace, the time
and number of meetings, and the time and duration of lunch breaks, among others) on
energy consumption in office buildings across various climate zones in the US. In this
study, an agent-based model (ABM) [24] is used to generate dynamic occupancy schedules
from various sets of occupancy parameters to reflect stochastic occupancy behavior. In
addition, the small-sized office building in the Department of Energy prototype Commer-
cial Building Prototype Model (CBPMs) [25] is used for energy simulation. The generated
stochastic occupancy schedules, as well as the office model, are integrated into the Energy-
Plus simulation model to create a dataset of occupancy parameters and building end-use
energy performance in different climate zones in the US. This dataset is used to select
the most significant occupancy variables impacting building energy consumption using
feature selection techniques. Furthermore, this research provides key insights that are
invaluable for building designers, facility managers, and policymakers by delineating the
critical occupancy parameters that substantially affect energy consumption in office build-
ings. This knowledge authorizes stakeholders to formulate specialized, climate-responsive
strategies that not only optimize energy efficiency but also promote broader sustainability
goals. Additionally, a thorough comprehension of these occupancy influences is crucial
for crafting effective policies aimed at diminishing energy consumption and enhancing
the energy efficiency of design and operational practices in American office buildings.
By identifying these key parameters, the study equips stakeholders with the necessary
tools to implement strategic interventions that can lead to significant energy savings and
operational efficiencies, particularly in diverse climatic conditions across the United States.

2. Research Method

This study adopts a four-step methodology to analyze the impacts of different occu-
pancy parameters on energy consumption, as illustrated in Figure 1. First, several dynamic
occupancy schedules were created based on specific occupancy parameters using an agent-
based model. Then, the generated dynamic occupancy schedules are integrated into the
DOE prototype small-sized office building model. This prototype was developed by the
Pacific Northwest National Laboratory (PNNL) [26] and the US Department of Energy’s
Building Energy Codes Program (BECP) to estimate how changes in energy codes and
standards can lead to energy savings [27]. This prototype provides EnergyPlus IDF models
for different office buildings designed based on the energy codes (i.e., The American Society
of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE) Standard 90.1-2019
Energy Efficiency Standard for d Buildings Except Low-Rise Residential Buildings).

A nationwide energy simulation was conducted to generate a database of occupancy
parameters and building end-use energy performance in different US climate zones. Then,
the impact of different occupancy parameters on building energy performance was an-
alyzed using a sensitivity analysis and four different feature selection methods. In the
subsequent sections, this study investigates the occupancy parameters utilized to generate
the occupancy schedule. Next, the integration process of the occupancy schedule, consid-
ering various climate zones, into the EnergyPlus simulation model is elaborated. Finally,
this study presents the employed feature selection methods to analyze the outcomes of the
energy performance simulation and identify the most influential variables.
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Figure 1. Dynamic occupancy schedule and building energy performance simulation framework.

2.1. Creating Occupancy Schedules

Occupancy in an office building can be defined with various parameters, such as the
time occupants arrive at or leave the workplace, the time and number of meetings, and the
time and duration of lunch breaks throughout the working hours for a specific day [28].
In the first step, different occupancy parameters are used to create various occupancy
schedules using an agent-based model. This simulation approach offers a significant
advantage over traditional case studies by allowing for the exploration of multiple scenarios,
thereby providing a more comprehensive understanding of how different occupancy
dynamics can influence building energy consumption. For this purpose, a web-based
occupancy simulator tool is used, which was developed by Lawrence Berkeley National
Laboratory (LBNL) [10]. The web-based occupancy simulator tool utilizes a Markov-
chain model to simulate occupant movements and generate stochastic schedules. This
innovative tool has been validated in real-world scenarios. The validation studies, as
outlined in research by Luo et al. [29], demonstrate the tool’s efficacy in accurately reflecting
occupant behavior in commercial buildings, thereby providing reliable data for building
simulation to optimize energy usage and operational efficiency. To closely mirror real-
world occupancy patterns, the occupancy schedule is crafted by meticulously integrating
as many relevant parameters as possible. The occupancy schedule can be generated by
integrating the occupancy parameters and office layout parameters in the web-based
occupancy simulator application. This simulator is a user-friendly application that uses
a Markov Chain (MC) model to simulate occupancy in buildings. It takes in high-level
inputs on occupant density, space area, event arrangements, etc., and simulates occupancy
movements inside the building to generate stochastic and dynamic occupancy schedules
for each space. This detailed simulation ensures that the generated occupancy schedules
closely approximate actual daily activities and interactions within office environments. The
generated occupancy schedule may vary daily, reflecting the inherent nature of occupants
and their energy-related behavior in office buildings. The output results of these schedules
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can be downloaded in CSV format to facilitate integration with energy simulation software,
such as EnergyPlus 22.1.0 [30].

Table 1 presents the occupancy parameters utilized in this study to generate the
occupancy schedules (the parameters are selected based on the advancement of the current
LBNL occupancy simulator), including variable names, definitions, units, and values. As
illustrated in this table, three types of occupants are considered in the simulation: regular
staff, administrators, and managers. Each type of occupant has different arrival and
departure times, and the duration that each occupant type spends in various spaces varies.

Table 1. Considered occupancy parameters for the considered office building.

No. Variable Name Variable Definition Variable Unit Values *

1 Occupant_Density Number of people per area person/m2
1 = 0.05

* 2 = 0.06
3 = 0.10

4 = 0.14
5 = 0.20
6 = 0.30

2 Occupant_Percent
Percentage of each occupant type:
Regular
staff/Manager/Administrator

Percentage

* 1 = 40/30/30
2 = 20/40/40
3 = 30/35/35
4 = 50/25/25
5 = 60/20/20
6 = 50/10/40
7 = 45/20/35

8 = 35/40/25
9 = 30/50/20

10 = 50/40/10
11 = 45/35/20
12 = 35/25/40
13 = 30/20/50

3 Meeting_Count Number of meetings per day
(Min–Max) Count

1 = 1–3
2 = 2–4

* 3 = 3–5

4 = 4–6
5 = 5–7

4 Meeting_Attend Number of people per meeting
(Min–Max) People

1 = 2–4
2 = 3–5

* 3 = 4–6

4 = 5–7
5 = 6–8

5 Meeting_Duration
Probability of duration of meeting
for the following numbers (30, 60,
90, 120)

Percentage
1 = 5, 60, 20, 15
2 = 10,65, 15,10

* 3 = 15, 70, 10, 5

4 = 20, 65, 10, 5
5 = 25, 60, 10, 5
6 = 30, 55, 10, 5

6 Staff_Arriv_Depar Regular Staff:
Arrival time/Departure time Time

1 = 6:30/15:30
2 = 7:00/16:00

* 3 = 7:30/16:30

4 = 8:00/17:00
5 = 8:30/17:30

7 Admin_Arriv_Depar Administrator:
Arrival time/Departure time Time

1 = 7:00/16:00
2 = 7:30/16:30

* 3 = 8:00/17:00

4 = 8:30/17:30
5 = 9:00/18:00

8 Manag_Arriv_Depar Manager:
Arrival time/Departure time Time

1 = 8:00/16:30
2 = 8:30/17:00

* 3 = 9:00/17:30

4 = 9:30/18:00
5 = 10:00/18:30

9 Arriv_Depar_Vari Arrival/departure time variation Minutes
1= 0 min

2 = 15 min
* 3 = 30 min

4 = 45 min
5 = 60 min

10 Lunch_Time Lunch or short-term leaving start
time Time

1 = 11:00
2 = 11:30

* 3 = 12:00

4 = 12:30
5 = 13:00

11 Lunch_Start_Vari Lunch or short-term leaving Start
time variation Minutes

1= 0 min
2 = 15 min

* 3 = 30 min

4 = 45 min
5 = 60 min

12 Lunch_Duration Lunch or short-term leaving
duration Minutes

1 = 30 min
2 = 45 min

* 3 = 60 min

4 = 75 min
5 = 90 min
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Table 1. Cont.

No. Variable Name Variable Definition Variable Unit Values *

13 Lunch_duration_Vari Lunch or short-term leaving
duration variation Minutes

1 = 5 min
2 = 10 min

* 3 = 15 min

4 = 20 min
5 = 25 min

14 Staff_Room_Stay
(Regular Staff)
Percentage of time that occupants
stay in each space

Percentage

1 = 50, 20, 10, 10, 10
2 = 55, 20, 10, 10, 5
3 = 60, 15, 10, 10, 5

4 = 65, 15, 10, 5, 5

* 5 = 70, 10, 10, 5, 5
6 = 75, 10, 10, 5, 0

7 = 80, 10, 5, 5, 0

15 Admin_Room_Stay
(Administrator)
Percentage of time that occupants
stay in each space

Percentage

1 = 35, 10, 35, 10, 10
2 = 40, 10, 30, 10, 10
3 = 45, 10, 30, 5, 10
* 4 = 50, 10, 30, 5, 5

5 = 55, 10, 25, 5, 5
6 = 60, 10, 25, 5, 0
7 = 65, 10, 20, 5, 0

16 Manag_Room_Stay
(Manager)
Percentage of time that occupants
stay in each space

Percentage

1 = 35, 10, 40, 5, 10
2 = 40, 10, 35, 5, 10

3 = 45, 5, 35, 5, 10
* 4 = 50, 5, 35, 5, 5

5 = 55, 5, 30, 5, 5
6 = 60, 5, 30, 5, 0
7 = 65, 5, 25, 5, 0

17 Own_Stay_Duration Average stay time at
Own office Minutes

1 = 30 min
2 = 45 min

* 3 = 60 min

4 = 75 min
5 = 90 min

18 Other_Stay_Duration Average stay time at
Other offices Minutes

1 = 10 min
2 = 15 min

* 3 = 20 min

4 = 25 min
5 = 30 min

19 Meeting_Stay_DurationAverage stay time at
Meeting rooms Minutes

1 = 30 min
2 = 45 min

* 3 = 60 min

4 = 75 min
5 = 90 min

20 Auxiliary_Stay_DurationAverage stay time at
Auxiliary room Minutes

1 = 10 min
2 = 15 min

* 3 = 20 min

4 = 25 min
5 = 30 min

21 Outdoor_Stay_DurationAverage stay time at
Outdoor Minutes

1 = 10 min
2 = 20 min

* 3 = 30 min

4 = 40 min
5 = 50 min

22 Time_Step Simulation time step Minutes 1 = 5 min
* 2 = 10 min

3 = 15 min
4 = 20 min

* Baseline scenario.

In this study, the baseline scenario was established by considering the default values
for occupancy parameters according to the LBNL occupancy simulator tool [31] which
is also illustrated in Table 1. As an example, the average square meters per person in
the baseline scenario is 0.05 person/m2, and 40% of occupants in the baseline are regular
staff, 30% are administrators, and the other 30% of occupants are managers. To enhance
the realism of the simulation, occupancy schedules are meticulously generated in the
web-based occupancy simulator using the one-at-a-time (OAT) method [32] by varying
individual occupancy parameters while keeping the remaining parameters at their baseline
values. This process results in the creation of a total of 104 distinct annual occupancy
schedules for each office space. These schedules are designed to closely replicate real-
world occupant behavior, and will be used in EnergyPlus model to analyze the impact of
each parameter on building energy consumption with a simulation time step of 10-min as
illustrated in the baseline scenario.

2.2. Prototyped Office Building Case

This study used the US DOE Commercial Prototype. Building Models (CPBM) for
small offices to analyze the impact of various occupancy parameters. The prototype
includes the building model for different climate locations (16 US climate zones) based on
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ASHRAE Standard 90.1-2019 [33]. The small office has a rectangular shape layout with
a total area of 5500 ft2 (511 m2) and consists of five thermal zones (four perimeter zones
and one core zone), as illustrated in Figure 2. It has to be noted that one thermal zone can
have one or more subspaces, though the thermal condition is maintained the same for the
subspaces within the same thermal zone [34]. The office layout that is designed for this
study is as follows: Zones 1, 2, and 3 contain the individual office spaces, Zone 4 contains
the meeting room and lobby space, and the core zone contains the auxiliary and corridor
area. This layout is shown in Figure 2. The generated stochastic occupancy schedules for
spaces within each zone will be combined for use within that specific zone. For example,
the occupancy schedules for Office 1, Office 2, and Office 3 will be aggregated to form the
combined occupancy schedule for Zone 1.

Figure 2. Modified DOE prototype model layout for a small office.

The small office model adheres to the energy efficiency standards established by
ASHRAE 90.1, with the specific version (e.g., ASHRAE 90.1-2019) determining the envelope
properties. For instance, the exterior wall U-value is approximately 0.057 Btu/h·ft2·◦F,
reflecting an insulation level consistent with an R-value of about 17.5 ft2·h·◦F/Btu. This
ensures that the building minimizes heat loss through the walls, contributing to overall
thermal performance. The roof has an even lower U-value, around 0.027 Btu/h·ft2·◦F
(equivalent to an R-value of approximately 37 ft2·h·◦F/Btu). This higher insulation level is
essential in reducing heat transfer and limiting heat gain from the environment, especially
in warmer climates where the roof is often exposed to direct sunlight. Windows in the
small office model are another important component of the building envelope. The U-value
for the windows is about 0.38 Btu/h·ft2·◦F. Additionally, the g-value, which indicates
the amount of solar radiation admitted through the glazing, is 0.30. This balance allows
beneficial daylight into the building while limiting unwanted solar heat gain, which can
significantly impact cooling loads during the summer months.

2.3. Integrated Energy Simulation Model

To investigate the impact of each occupancy parameter on building energy perfor-
mance, a total of 104 occupancy schedules were created to perform sensitivity analysis [35].
To incorporate occupancy schedules as inputs into the EnergyPlus model, a systematic
approach is followed. First, a total of 104 annual occupancy schedule files are formatted
as CSV files. These files are then organized within the EnergyPlus IDF project folder.
Subsequently, a custom Python script is developed to automate the EnergyPlus simula-
tion process. This script dynamically modifies the EnergyPlus IDF file, iterates through
the schedule files one by one from the designated folder, and stores the results of each
simulation in dedicated output folders, one for each unique occupancy schedule. This
automatic workflow ensures the systematic integration of occupancy schedules into the En-
ergyPlus model, offering an organized approach for conducting simulations and managing
their outputs.
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To account for the effect of climate zones on energy performance simulation,
16 International Energy Conservation Code (IECC) climate zones in the US are integrated
into EnergyPlus as well. These climate zones vary from “Very Hot Humid” to “Very Cold”
and “Arctic” climate zone [36]. Table 2 presents the list of the 16 climate zones in the
US, their climate zone ID, and the representative city. The energy performance of various
building energy systems is then simulated for each climate zone, considering the various
occupancy schedules. Finally, a dataset of 1664 data points (104 occupancy schedules and
16 climate zones) with 22 independent variables (occupancy parameter variables), and
various systems’ energy consumption variables consisting of heating, cooling, lighting,
equipment, and fans are generated. The generated dataset is used as input for feature
selection methods.

Table 2. US 16 climate zones [36].

No. Climate Zone Thermal Climate Zone Name Weather Location

1 1A Very Hot Humid Honolulu, HI, USA

2 2A Hot Humid Tampa, FL, USA

3 2B Hot Dry Tucson, AZ, USA

4 3A Warm Humid Atlanta, GA, USA

5 3B Warm Dry El Paso, TX, USA

6 3C Warm Marine San Diego, CA, USA

7 4A Mixed Humid New York, NY, USA

8 4B Mixed Dry Albuquerque, NM, USA

9 4C Mixed Marine Seattle, WA, USA

10 5A Cool Humid Buffalo, NY, USA

11 5B Cool Dry Denver, CO, USA

12 5C Cool Marine Port Angeles, WA, USA

13 6A Cold Humid Rochester, MN, USA

14 6B Cold Dry Great Falls, MT, USA

15 7 Very Cold International Falls, MN, USA

16 8 Subarctic/Arctic Fairbanks, AK, USA

2.4. Feature Selection and Model Evaluation

Feature selection is an important task in identifying variables that can significantly
impact the performance of the simulation model [37]. Previous studies on building energy
performance simulation have used different methods for feature selection, including expert
knowledge and judgment [38], correlation matrix [39], boosting tree algorithm to rank
variables [40], and linear and monotonic correlation [41], among others. The generated
dataset regarding different sets of occupancy schedules and climate zones is used as
input for the feature selection models to determine the significant independent variables
(occupancy schedules) to predict the dependent variables (energy consumption in different
climate zones). In this study, four feature selection methods are utilized to identify the
significant features regarding the dependent variables of building energy consumption:

• Multivariate linear regression (MVLR): A multivariate linear regression model ex-
presses a d-dimensional continuous response vector as a linear combination of pre-
dictor terms plus a vector of error terms with a multivariate normal distribution. The
“mvregress” function can be used to create a multivariate linear regression model [42].
While MVLR assumes linearity and can be influenced by multicollinearity and outliers,
these challenges—multicollinearity and the influence of outliers—are prevalent in
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many types of statistical modeling, not just in MVLR. We have addressed this by
careful variable selection and data preprocessing to minimize their impact.

• Least absolute shrinkage and selection operator (LASSO): LASSO constructs a dataset
with redundant predictors and identifies those predictors. The “LASSO” function finds
the coefficients of a regularized linear regression model using 10-fold cross-validation
and the elastic net method [43]. LASSO may prioritize simpler models potentially at
the cost of excluding some correlated predictors. However, this characteristic helps in
enhancing model interpretability and reducing overfitting, which are crucial for the
predictive robustness of the approach.

• Neighborhood component analysis (NCA) feature selection method: Neighborhood com-
ponent analysis (NCA) is a supervised learning algorithm for choosing features with the
goal of increasing the predictive power of regression and classification algorithms. The
“fscnca” and “fsrnca” functions of the Statistics and Machine Learning Toolbox perform
neighborhood component analysis feature selection with regularization to develop feature
weights for the objective function that reduces the average leave-one-out classification or
regression loss over the training data [44]. Despite NCA’s computational demand, it is cho-
sen for its effectiveness in smaller, well-defined datasets where feature interdependencies
are critical, aligning well with our study’s scope.

• Feature ranking method using the Relief algorithm: Relief is a feature selection tech-
nique that uses a filter-method approach to identify significant variables and is highly
sensitive to feature interactions. Each feature in Relief is given a feature score, which
can be used to rank and choose the highest scoring features for feature selection.
These scores can also be used as feature weights to direct further modeling. The algo-
rithm penalizes the predictors that result in different values to neighbors of the same
class, and rewards predictors that provide different values to neighbors of different
classes [45,46]. Although Relief’s performance may be affected by noisy data, it is
highly effective for datasets like ours where interaction among features is a signif-
icant factor. Proper parameter setting, based on extensive testing, ensures optimal
feature selection.

The results of the four feature selection (also known as feature ranking) methods for
various building energy systems (i.e., heating, cooling, lighting, equipment, and fans) are
identified. In addition, the identified significant features, as results of feature selection meth-
ods, are integrated into a multiple linear regression model to compute the corresponding
R-square values across different climate zones using the below equation:

R2 = 1 − SSR
SST

(1)

SSR = ∑(ŷi − y)2 (2)

SSE = ∑(ŷi − yi)
2 (3)

where R2, the coefficient of determination, is the proportion of the variation in the de-
pendent variable that is predictable from the independent variables. SSR is the sum of
squares of residuals, and SST is the sum of the distance the data are away from the mean
all squared [47,48]. This value is utilized to compare the performance of feature selection
methods, where a higher R2 value represents a better fitting of the algorithm, and, on
the other hand, a lower R2 value represents a larger discrepancy between the actual and
predicted results.

3. Results and Discussion

3.1. Building Energy Performance on Baseline Occupancy

In this study, the baseline scenario was established by considering the average occu-
pancy parameters. Figure 3 compares the baseline stochastic occupancy schedule with
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ASHRAE Standard 90.1-2019 [49], and simulated occupancy. According to the results
(for the baseline occupancy schedule), this small office building accommodates up to 56
(considering the minimum required space for each person in an office area, every office
room can occupy up to 7 occupants) occupants who typically arrive at the office around 8:00
a.m. and depart around 5:00 p.m. As demonstrated in Figure 3, the occupancy schedule
aligns with the office schedule recommended by ASHRAE Standard 90.1-2019, demon-
strating a remarkable similarity to real-world occupancy patterns; however, the stochastic
occupancy schedule provides more realistic occupancy patterns in office buildings [28,49].
This close alignment not only validates the simulation’s accuracy but also highlights its
potential to predict actual building usage with high fidelity. The occupancy levels fluctuate
throughout the day, with specific hours experiencing higher occupancy rates. Notably,
between 9:00 a.m. and 11:00 a.m. and again from 2:00 p.m. to 4:00 p.m., the occupancy
schedule reaches its peak.

Figure 3. Baseline occupancy schedule vs. ASHRAE schedule.

Figure 4 illustrates the baseline occupancy schedule of each zone. The core zone and
Zone 4, which include auxiliary, corridor, meeting room, and lobby, generally maintain
lower occupancy levels compared to other zones. In addition, as shown in Figure 4, Zones
1, 2, and 3, which contain the office spaces, have more occupants since the average time
spent by occupants in office spaces is longer than in other areas. It can be seen that the
number of occupants decreases at 12:00 p.m. due to the lunch break.

Figure 4. The zone occupancy of the simulated office.
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To illustrate the average energy consumption during different seasons, we selected
Tampa, FL (CZ 2A), as an example case due to the high building energy consumption
in this climate zone. Figure 5 displays the average daily total electricity consumption of
the simulated office building (including the electricity consumption for lighting, heating,
cooling, equipment, and fans, in accordance with the baseline occupancy schedule) for
the hot–humid climate zone (2A), for spring (1 March to 31 May), summer (1 June to
31 August), fall (1 September to 30 November), and winter (1 December to 28 February)
seasons.

Figure 5. Simulated energy consumption and baseline occupancy schedule in (a) spring, (b) summer,
(c) fall, and (d) winter seasons.

The graph reveals variations in the building’s energy consumption across seasons,
ranging from 1.5 to 13.5 kWh with respect to the baseline occupancy schedule. As shown,
the building exhibits lower energy consumption in winter and fall seasons compared to
summer and spring, primarily due to the need for higher cooling and air conditioning in
the hot–humid climate zone.

Figure 6 illustrates the energy performance of various building energy systems
(i.e., heating, cooling, lighting, equipment, and fans) in different climate zones. It can
be seen that the total building energy can range from 35,000 to 47,000 kWh. According
to this figure, buildings in 5C (cool marine), 4C (mixed marine), and 3C (warm marine)
climate zones have the lowest total energy consumption among the other climate zones.
One reason is the moderate and relatively stable temperatures characteristic of marine
climates. The absence of extreme temperature fluctuations reduces the demand for heating
or cooling, resulting in lower energy consumption. On the other hand, the energy con-
sumption of buildings in hot–humid climate zones is higher than in other climate zones.
This is due to the high demand for cooling and the necessity of using air conditioning,
dehumidifying, and circulating the air in these climate zones.
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Figure 6. Energy consumption of the simulated office buildings in various climate zones.

As shown in Figure 6, the energy consumption of heating and cooling is very sensitive
to climate conditions, resulting in significant variations. The average heating energy
consumption in Fairbanks, AK (CZ 8), exceeds 6000 kWh, while in hot climate zones
(e.g., 1A and 2A), heating energy consumption is negligible. In contrast, cooling energy
consumption accounts for a large share of energy consumption, roughly 17,600 kWh,
in very hot and humid climate zones and around 4400 kWh in cold climate zones. In
addition, the energy consumption of lighting systems is mainly determined by indoor
lighting needs, which are relatively consistent across various climate zones. Regardless of
the climate, buildings require lighting for adequate illumination, resulting in comparable
energy consumption for lighting systems. Similarly, the energy consumption of equipment,
such as office equipment and appliances, is influenced more by occupant behavior and
usage patterns rather than climate. Therefore, equipment energy consumption remains
consistent across all climate zones. Additionally, fan energy consumption is about 9000 kWh
with minimal variations in different climate zones. However, the demand for fans is slightly
higher in dry climates to circulate the air and create a perceived cooling sensation for
occupants, attributable to the low moisture content in the air in these dry climates.

The performance of the various end-use energy consumption in 16 climate zones
considering the baseline occupancy parameters is illustrated in Figure 7. According to
Figure 7a, heating electricity consumption is significantly high in humid climate zones (4A,
5A, and 6A). As shown in Figure 7b, cooling accounts for the largest share of electricity
consumption in office buildings in many climate zones, ranging from very hot (e.g., 1A)
to cool climate zones (e.g., 5B) compared to other end uses. Figure 7c,d demonstrate the
electricity consumption for lighting and equipment in various climate zones. Although
there are some slight differences regarding the comparison of lighting and equipment
between climate zones, the results for these categories suggest that climate zones do
not significantly impact lighting and equipment usage. This consistency across different
climates can be attributed to the standardized nature of lighting and equipment operation
in office settings. Unlike heating or cooling systems, which are directly influenced by
external temperature variations and climate-specific requirements, lighting and equipment
demands are predominantly driven by fixed office hours and internal activities that do
not vary substantially with climate. Lighting consumption is largely determined by the
daily work schedules that remain constant regardless of external weather conditions.
Similarly, the usage of office equipment such as computers, printers, and other peripherals
is aligned more closely with personnel presence and operational requirements rather than
environmental factors. This explains the relative uniformity in energy usage for these
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categories across various climate zones observed in the study. Lastly, Figure 7e displays the
electricity consumption for fans, revealing that dry climate zones (3B, 4B, and 5B) exhibit
the highest electricity consumption for fan usage.

Figure 7. Average annual energy consumption of end-use systems for various climate zones. (a) Heat-
ing electricity consumption; (b) Cooling electricity consumption; (c) Lighting electricity consumption;
(d) Equipment electricity consumption; (e) Fan electricity consumption.

Our findings indicate significant variations in building energy consumption across
different climate zones, primarily driven by occupancy patterns and climatic conditions.
This observation aligns with Chen et al. [50], who investigated the impact of future climate
changes on office buildings across diverse climate zones in China, highlighting a similar
trend of varying energy demands due to climatic differences. However, our study extends
these findings by incorporating a wider range of climate zones in the US and employing
dynamic occupancy schedules, which offer a more detailed understanding of energy
consumption patterns. Unlike the static models used in this study, our dynamic approach
reflects real-world variability and provides a new perspective on energy optimization
strategies tailored to specific climate conditions.

Additionally, Meng et al. [51] investigated heating energy consumption in office
buildings across various climate zones. Their findings confirm our results, which suggest
that heating demands vary considerably, emphasizing the need for region-specific energy
management strategies. Our study contributes further by examining both heating and
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cooling demands in a dynamic context, thereby improving the understanding of total
energy consumption dynamics under changing climatic conditions.

3.2. Sensitivity Analysis of Occupancy Parameters

In this study, given the constraints on time and resources, six climate zones ranging
from hot to cold were chosen to analyze occupancy parameters and assess the effectiveness
of feature selection methods. The selected climate zones are presented in Table 3.

Table 3. Selected climate zones for sensitivity analysis.

No. Climate Zone Thermal Climate Zone Name Weather Location

1 2A Hot Humid Tampa, FL, USA

2 3B Warm Dry El Paso, TX, USA

3 3C Warm Marine San Diego, CA, USA

4 4A Mixed Humid New York, NY, USA

5 5A Cool Humid Buffalo, NY, USA

6 6A Cold Humid Rochester, MN, USA

A sensitivity analysis was performed to analyze the impact of changing each oc-
cupancy schedule parameters on building energy performance. These parameters are
analyzed by changing them while keeping all the other variables constant. The results are
presented here.

Occupant Density: One of the occupancy parameters that may greatly impact build-
ing energy consumption is occupant density. Occupant density can be defined as the
number of people per area (person/m2). In this study, six different scenarios were consid-
ered to analyze the impact of occupant density on building energy performance:

• Scenario 1: 0.05 person/m2, equal to 8 occupants using the office.
• Scenario 2: 0.06 person/m2, equal to 16 occupants using the office.
• Scenario 3: 0.1 person/m2, equal to 24 occupants using the office.
• Scenario 4: 0.14 person/m2, equal to 40 occupants using the office.
• Scenario 5: 0.2 person/m2, equal to 56 occupants using the office.

Figure 8 illustrates the annual building energy consumption across various climate
zones, considering different occupant densities. Energy consumption for cooling, fans, and
lighting tends to increase with higher occupant densities, while equipment and heating
consumption show relatively smaller fluctuations. In warmer climate zones such as 2A, 3B,
and 3C, the cooling and fan energy consumption exhibit high sensitivity to occupant density.
Increasing the occupant density or number of occupants in these zones results in higher
energy consumption for cooling and fans. This is primarily because a larger occupant
density generates more heat and increases the cooling demand to maintain thermal comfort.

In addition, increasing the occupant density contributes to increased fan energy
consumption to enhance air circulation in more crowded spaces. On the other hand, colder
climate zones like 6A and 5A show higher heating energy consumption, with a negative
correlation to occupant density. This can be attributed to the heat generation from occupants
in more crowded spaces, resulting in reduced reliance on heating systems for maintaining
comfortable temperatures.

This observed trend aligns with the findings of Zhao Dong et al. [52], who explored
the impact of occupant behavior, particularly density, on energy consumption in office
buildings. Their study provides a basis for understanding how increased occupancy
contributes to higher energy demands. By referencing this broader scope of research,
we can highlight that our findings are consistent with established trends in the field,
suggesting that occupant density is a crucial factor in building energy dynamics. This
also emphasizes the importance of incorporating occupant density considerations in the
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design and operation of HVAC systems, potentially through strategies such as demand-
controlled ventilation and occupancy-based HVAC operation to optimize energy efficiency
in office spaces.

Figure 8. The impact of occupant density on building energy performance.

Arrival and departure: To analyze the impact of the arrival and departure time of
occupants on building energy consumption, five distinct scenarios were considered:

• Scenario 1: Regular staff arrive and depart at 6:30 and 15:30, respectively.
• Scenario 2: Regular staff arrive and depart at 7:00 and 16:00, respectively.
• Scenario 3: Regular staff arrive and depart at 7:30 and 16:30, respectively.
• Scenario 4: Regular staff arrive and depart at 8:00 and 17:00, respectively.
• Scenario 5: Regular staff arrive and depart at 8:30 and 17:30, respectively.

Considering the average working hours of 8 h per day with a 1 h lunch break, regular
staff work 9 h in the office building. Figure 9 presents the annual energy consumption of
building systems in six climate zones considering different arrival and departure times for
regular staff. Although the total working hours of regular staff are the same in all scenarios,
the annual energy consumption is different. For example, in scenarios 1 and 2, the regular
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staff arrive at the office between 6:30 a.m. and 7:00 a.m. and leave the building between
3:30 p.m. and 4:00 p.m. It results in lower energy consumption due to taking advantage
of cooler morning temperatures. In most of the climate zones, the early morning hours
tend to be relatively cooler compared to the later part of the day. By starting work earlier,
occupants can benefit from the cooler temperature and natural ventilation, reducing the
need for extensive cooling and fan usage during the day. Consequently, in all climate zones,
the cooling and fan energy consumption increases from scenario 1 to scenario 5, when
shifting the arrival and departure times from 6:30 a.m. to 8:30 a.m. and 3:30 p.m. to 5:30
p.m., respectively. In contrast, there is a slight reduction in lighting and equipment energy
consumption in all climate zones from scenario 1 to 5.

Figure 9. The impact of arrival and departure times of regular staff on building energy performance.

This observation aligns with findings from a study conducted by Gu et al. [53], which
demonstrated that energy consumption varies significantly with different occupancy levels
due to the presence and movement of occupants within the building. Specifically, the
study highlighted how adjustments in the arrival and departure times can influence the

248



Energies 2024, 17, 5277

operational schedules of building systems, thereby affecting the energy consumption for
lighting, cooling, and heating. While the study of Gu et al. provided crucial insights, our
study advances this by incorporating a broader analysis across multiple climate zones and
more varied work schedule scenarios. This comprehensive approach not only allows for a
detailed comparison across regions but also enhances the applicability of our findings to
diverse environmental conditions and work patterns. These results highlight the potential
for strategic scheduling to optimize energy efficiency in office buildings, corroborating the
importance of considering occupant behavior patterns in energy management strategies.

Occupants’ stay-time: Occupants’ stay time in their own office is selected for analysis,
where five different scenarios were considered to investigate the impact of occupants’
stay-time in six climate zones:

• Scenario 1: Occupants stay in their own office for 30 min, on average.
• Scenario 2: Occupants stay in their own office for 45 min, on average.
• Scenario 3: Occupants stay in their own office for 60 min, on average.
• Scenario 4: Occupants stay in their own office for 75 min, on average.
• Scenario 5: Occupants stay in their own office for 90 min, on average.

Figure 10 presents the energy performance of various energy systems across six
different climate zones, considering different durations of occupants’ stay-time in their
offices. As shown in the figure, for all six climate zones, there are minor changes in
the energy consumption of the cooling system and fans when the duration of occupants’
stay-time increases from 30 min to 90 min. As occupants stay in a space for a longer
duration, their body heat gradually increases the room’s temperature. Therefore, the
cooling system and fans may need to operate for a slightly extended period to maintain air
quality and temperature.

Conversely, the remaining energy systems, including lighting, equipment, and heating
systems, remain unchanged, indicating that an increase in the duration of occupants’ stay-
time did not have a significant impact on these systems. This is because lighting and
equipment energy consumption is related to occupancy presence and specific activities
rather than the duration alone. Within the considered range of 30 to 90 min, the occupancy
duration does not significantly affect the usage patterns or energy consumption of lighting
and equipment. Similarly, heating systems respond to the set-point temperature and
occupancy needs in colder climates. Therefore, increasing the occupants’ stay-time does
not demand an adjustment in these systems, resulting in unchanged energy consumption.
This observation indicates that for the range of stay times considered, the direct impact
on energy consumption is limited. This stability offers potential for energy management
strategies that focus more on occupancy-based controls rather than adjustments based on
duration of stay alone. Future studies might explore more granular time increments or
different types of activities to further refine our understanding of occupancy impact on
energy use. Such insights could inform more targeted energy efficiency measures that align
with actual usage patterns and contribute to broader energy sustainability goals.

Time-step: To analyze the impact of simulation time-step on the energy performance
of various energy systems in different climate zones, four different time-steps are consid-
ered:

• Scenario 1: Time-step size of 5 min.
• Scenario 2: Time-step size of 10 min.
• Scenario 3: Time-step size of 15 min.
• Scenario 4: Time-step size of 20 min.

Figure 11 presents the simulation performance of heating, cooling, lighting, and other
energy consumptions using different time-step sizes. As shown, when employing a 5 min
time-step, the energy performance of cooling systems and fans exhibits a significant increase
across all six climate zones compared to larger step sizes. The utilization of a smaller
time-step allows for a more detailed representation of the dynamic behavior of cooling
systems and fans. With a smaller time-step, the simulation captures shorter fluctuations
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in cooling demand and the need for increased fan operation to maintain thermal comfort.
Consequently, the energy consumption of cooling systems and fans appears higher when
using a 5 min time-step, reflecting their more responsive nature to varying conditions.
This responsiveness underscores the importance of selecting an appropriate simulation
time-step in energy modeling to capture the nuanced effects of environmental changes and
occupant interactions within a building.

Figure 10. The impact of occupants’ stay-time duration at their own office on building energy performance.

Additionally, the smaller time-step provides a clearer insight into the intermittent na-
ture of heating requirements, thereby enhancing the ability to fine-tune heating operations
to actual needs rather than sustained assumptions. This precision leads to energy conserva-
tion, particularly in climates where heating demands fluctuate significantly throughout
the day. The energy consumption of lighting and equipment remains relatively constant
regardless of the simulation time-step. This stability indicates that these systems’ oper-
ational demands are less sensitive to shorter time fluctuations and more dependent on
fixed schedules of occupant activity. Understanding these dynamics is crucial for building
managers and designers aiming to optimize energy usage without compromising occupant
comfort and productivity. Looking more closely at different time-steps could help us
find new ways to save energy, especially in systems that automatically adjust based on
real-time data.
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Figure 11. The impact of occupancy simulation time-step size on building energy performance.

The sensitivity analysis of four occupancy parameters was presented. Although a total
of 22 parameters exist, it is important to note that the selection of these four parameters
does not diminish the significance of the other parameters. The choice to analyze these
particular parameters was driven by two reasons. Firstly, these four parameters were
identified as having a high potential for influencing building energy consumption based on
prior research and expert knowledge in the field. Secondly, considering the constraints of
limited resources and time, focusing on a subset of parameters allowed for a more in-depth
and targeted analysis.

3.3. Feature Selection Results

The generated dataset of building energy performance based on various climate zones
and occupancy parameters served as input for feature selection methods to identify the most
significant occupancy parameters affecting building energy consumption. In this regard, MVL,
LASSO, NCA, and ReliefF feature selection methods were applied to the generated dataset. To
assess the results of these feature selection methods, the selected features for each building energy
system (i.e., heating, cooling, lighting, equipment, and fans) were incorporated into a multiple
linear regression model to compute the corresponding R-square values. Subsequently, these
calculated R-square values were evaluated against a predefined threshold of 0.05 as established
in this study [54]. Features that demonstrated contributions greater than this threshold in the
calculation of the R-square value were retained and considered significant variables. Conversely,
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features that exhibited contributions below the threshold in the calculation of the R-square value
were eliminated from the list. This systematic process facilitated the identification of significant
variables, allowing for a focused analysis of the features that exhibited a significant impact on
the performance of the building energy systems.

Heating: This section focuses on the performance of heating energy consumption and
presents the results of four feature selection methods to identify the significant occupancy
parameters impacting heating energy consumption in six climate zones, as presented in
Table 4. As shown in the table, all four methods consistently identified “Occupant-Density”
as the primary significant variable across all six climate zones. Furthermore, “Time-Step”
emerged as the second significant parameter in most cases, except for the “2A” climate
zone where it did not exhibit the same significance.

Cooling: This section focuses on the performance of cooling energy consumption and
presents the results of four feature selection methods to identify the significant occupancy
parameters impacting cooling energy consumption in six climate zones, as presented in Table 5.

As shown in the table, all four methods consistently identified “Occupant-Density”
and “Time-step” as the first two primary significant variables across all six climate zones.
According to Table 5, it can be seen that the LASSO feature selection method presented a
better performance across all six climate zones in identifying the significant features influ-
encing cooling energy consumption. This method generated higher R-squared values com-
pared to other methods. The selected features in the LASSO method include “Time-step”,
“Occupant_Density”, “Staff_Arriv_Depar”, “Lunch_Duration”, and “Own_Stay_Duration”.
Conversely, the ReliefF method presented limited effectiveness in identifying significant
features. This analysis focuses on influential occupancy parameters affecting cooling energy
consumption in small office buildings across different climate zones and highlights the
LASSO feature selection method as the preferred approach for identifying the features that
have a significant impact on cooling energy consumption.

Lighting: This section focuses on the analysis of lighting energy performance and
presents the results of four feature selection methods to identify the significant occupancy
parameters impacting lighting energy consumption in six climate zones as presented in
Table 6. As shown in the table, all four methods consistently identified “Occupant-Density”
as the primary significant variable across all six climate zones. According to Table 6, it
can be seen that both the NCA and LASSO feature selection methods presented a better
performance across all six climate zones in identifying the significant features influencing
lighting energy consumption. These methods generated higher R-squared values compared
to other methods.

Conversely, the ReliefF method presented a low performance in identifying significant
features. This analysis focuses on influential occupancy parameters affecting lighting
energy consumption in small office buildings across different climate zones and highlights
that both NCA and LASSO feature selection methods are preferable for identifying the
features that have a significant impact on lighting energy consumption.

Equipment: This section focuses on the analysis of equipment energy performance and
presents the results of four feature selection methods to identify the significant occupancy
parameters impacting equipment energy consumption in six climate zones, as presented in
Table 7. As shown in the table, all four methods consistently identified “Occupant-Density” as
the primary significant variable across all six climate zones. According to Table 7, it can be seen
that the LASSO feature selection method presented a better performance across all six climate
zones in identifying the significant features influencing equipment energy consumption. This
method generated higher R-squared values compared to other methods. The selected features in
the LASSO method include “Occupant_Density”, “Staff_Arriv_Depar”, “Manag_Arriv_Depar”,
“Arriv_Depar_Vari”, and “Time_Step”. Conversely, the ReliefF method presented limited
effectiveness in identifying significant features. This analysis focuses on influential occupancy
parameters affecting equipment energy consumption in small office buildings across different
climate zones and highlights the LASSO feature selection method as a preferred approach for
identifying the features that have a significant impact on equipment energy consumption.
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Table 4. Identified features for heating energy performance across different climate zones.

Climate Zone MVLinear LASSO NCA ReliefF

2A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Staff_Arriv_Depar • Staff_Arriv_Depar • Admin_Arriv_Depar • Meeting_Stay_Duration

• Lunch_Time • Admin_Arriv_Depar • Manag_Arriv_Depar • Manag_Room_Stay

• Lunch_Duration • Manag_Arriv_Depar

• Own_Stay_Duration

R-squared 0.89596 0.90338 0.88389 0.87748

3B • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Time_Step • Time_Step • Time_Step • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar

• Lunch_Duration • Admin_Arriv_Depar

• Lunch_Time • Manag_Arriv_Depar

R-squared 0.83587 0.83982 0.83773 0.82429

3C • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Time_Step • Time_Step • Time_Step • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Manag_Arriv_Depar

• Manag_Arriv_Depar

• Own_Stay_Duration

R-squared 0.89596 0.89345 0.88437 0.86468

4A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Time_Step • Time_Step • Time_Step • Time_Step

• Lunch_Duration • Staff_Arriv_Depar • Staff_Arriv_Depar

• Manag_Arriv_Depar • Manag_Arriv_Depar

• Admin_Arriv_Depar

R-squared 0.88695 0.89287 0.89161 0.88692

5A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Time_Step • Time_Step • Time_Step • Time_Step

• Lunch_Duration • Manag_Arriv_Depar • Manag_Arriv_Depar • Lunch_Duration_Vari

• Staff_Arriv_Depar • Staff_Arriv_Depar

R-squared 0.87708 0.88016 0.87937 0.87729

6A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Time_Step • Time_Step • Time_Step • Time_Step

• Lunch_Duration • Manag_Arriv_Depar • Manag_Arriv_Depar • Admin_Room_Stay

• Outdoor_Stay_Duration • Auxiliary_Stay_Duration • Auxiliary_Stay_Duration • Own_Stay_Duration

R-squared 0.9034 0.90748 0.90694 0.90336

Fans: This section focuses on the performance of fan energy consumption and presents
the results of four feature selection methods to identify the significant occupancy parame-
ters impacting fan’s energy consumption in six climate zones, as presented in Table 8. As
shown in the table, three methods of MVLinear, NCA, and LASSO consistently identified
“Time-Step” as the primary significant variable across all six climate zones. Furthermore,
“Occupant-Density“ emerged as the second significant parameter, except in the “ReliefF”
method, which is the opposite. According to Table 8, both MVLinear and LASSO feature
selection methods presented better performances across all six climate zones in identifying
the significant features influencing fan energy consumption.

These methods generated higher R-squared values compared to other methods. The
selected features in the MVLinear and LASSO methods include “Time_Step”, “Occu-
pant_Density”, “Staff_Arriv_Depar”, “Admin_Arriv_Depar”, and “Own_Stay_Duration”,
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and, conversely, the ReliefF method presented limited effectiveness in identifying signif-
icant features. The higher performance of MVLinear and LASSO in our study points to
their robustness in handling diverse datasets and their capability in effectively isolating key
factors that influence fan energy consumption. These methods prove particularly valuable
in scenarios where predictive accuracy is important to developing energy management
solutions that are both effective and scalable across different climate zones.

Table 5. Identified features for cooling energy performance across different climate zones.

Climate Zone MVLinear LASSO NCA ReliefF

2A • Time_Step • Time_Step • Time_Step • Occupant_Density

• Occupant_Density • Occupant_Density • Occupant_Density • Time_Step

• Own_Stay_Duration • Staff_Arriv_Depar • Manag_Room_Stay • Own_Stay_Duration

• Lunch_Duration • Lunch_Duration • Meeting_Stay_Duration

• Own_Stay_Duration

R-squared 0.85107 0.85221 0.85143 0.84634

3B • Time_Step • Time_Step • Occupant_Density • Occupant_Density

• Occupant_Density • Occupant_Density • Time_Step • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar

• Own_Stay_Duration • Lunch_Duration

• Own_Stay_Duration

R-squared 0.83984 0.84153 0.84052 0.83586

3C • Time_Step • Time_Step • Occupant_Density • Occupant_Density

• Occupant_Density • Occupant_Density • Time_Step • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay • Own_Stay_Duration

• Lunch_Duration • Staff_Arriv_Depar

• Own_Stay_Duration

R-squared 0.82795 0.83965 0.83164 0.82541

4A • Time_Step • Time_Step • Occupant_Density • Occupant_Density

• Occupant_Density • Occupant_Density • Time_Step • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar • Own_Stay_Duration

• Lunch_Duration • Lunch_Duration • Auxiliary_Stay_Duration

R-squared 0.81269 0.8148 0.81346 0.81127

5A • Occupant_Density • Time_Step • Occupant_Density • Occupant_Density

• Time_Step • Occupant_Density • Time_Step • Time_Step

• Own_Stay_Duration • Lunch_Duration • Staff_Arriv_Depar • Own_Stay_Duration

• Own_Stay_Duration • Lunch_Duration • Auxiliary_Stay_Duration

• Own_Stay_Duration

R-squared 0.78551 0.78816 0.78816 0.78456

6A • Occupant_Density • Time_Step • Time_Step • Occupant_Density

• Time_Step • Occupant_Density • Occupant_Density • Time_Step

• Staff_Arriv_Depar • Lunch_Duration • Staff_Arriv_Depar • Own_Stay_Duration

• Own_Stay_Duration • Staff_Arriv_Depar • Lunch_Duration

• Own_Stay_Duration • Own_Stay_Duration

R-squared 0.77699 0.77968 0.77968 0.77546

This analysis focuses on influential occupancy parameters affecting fan energy
consumption in small office buildings across different climate zones and highlights
the LASSO and MVLinear feature selection methods as preferred approaches for
identifying the features that have a significant impact on fan energy consumption.
By systematically identifying these key parameters, our approach aids facility man-

254



Energies 2024, 17, 5277

agers and designers in implementing precision-driven energy conservation measures.
Specifically, understanding the detailed impacts of occupancy parameters such as
“Occupant-Density” and “Time-Step” allows for the optimization of HVAC operations
and other energy systems to better match actual building use patterns, thus avoiding
both overuse and underuse of energy resources.

Table 6. Identified features for lighting energy performance across different climate zones.

Climate Zone MVLinear LASSO NCA ReliefF

2A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Time_Step • Arriv_Depar_Vari • Manag_Arriv_Depar

• Time_Step • Time_Step

R-squared 0.83369 0.84654 0.84654 0.81792

3B • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Time_Step • Arriv_Depar_Vari • Manag_Arriv_Depar

• Lunch_Start_Vari • Time_Step

R-squared 0.83252 0.84592 0.84592 0.81617

3C • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Time_Step • Arriv_Depar_Vari • Manag_Arriv_Depar

• Lunch_Start_Vari • Admin_Arriv_Depar

R-squared 0.83225 0.846712 0.845331 0.81572

4A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Time_Step • Arriv_Depar_Vari • Manag_Arriv_Depar • Auxiliary_Stay_Duration

• Lunch_Start_Vari

R-squared 0.83203 0.84544 0.84544 0.81546

5A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Time_Step • Arriv_Depar_Vari • Manag_Arriv_Depar • Auxiliary_Stay_Duration

• Lunch_Start_Vari • Admin_Arriv_Depar

R-squared 0.83351 0.84682 0.84647 0.81456

6A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Time_Step • Arriv_Depar_Vari • Manag_Arriv_Depar • Auxiliary_Stay_Duration

• Lunch_Start_Vari • Outdoor_Stay_Duration

R-squared 0.83316 0.84647 0.84635 0.81632

The results of the feature selection analyses highlight critical occupancy parameters
such as “Occupant-Density” and “Time-Step”, which are consistently significant across
multiple climate zones. This consistency across zones not only validates our feature
selection methods but also reinforces the importance of these parameters in the energy
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efficiency profiling of office buildings. These parameters offer valuable insights into the
design and operation of energy-efficient buildings, tailored to the unique characteristics of
each climate zone. For instance, the consistent significance of occupant density suggests
that strategies focused on optimizing space usage can lead to substantial energy savings.
This is particularly relevant in denser office environments where the effective management
of space and occupant schedules can reduce unnecessary energy expenditure during peak
and off-peak hours. Moreover, the distinction in significant parameters across climate zones
allows for the development of region-specific energy management strategies. In colder
climates, during high heating demands, understanding the impact of occupancy timings can
help in better scheduling of heating systems to align with actual office hours, thus avoiding
wastage. Similarly, in hotter regions, cooling systems can be optimized based on detailed
occupancy schedules to ensure that energy is not wasted cooling unoccupied spaces.

Table 7. Identified features for equipment energy performance across different climate zones.

Climate Zone MVLinear LASSO NCA ReliefF

2A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Lunch_Start_Vari • Arriv_Depar_Vari • Manag_Arriv_Depar • Auxiliary_Stay_Duration

• Time_Step • Outdoor_Stay_Duration

R-squared 0.83041 0.84465 0.84444 0.8087

3B • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Lunch_Start_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Outdoor_Stay_Duration

• Arriv_Depar_Vari • Manag_Arriv_Depar

• Time_Step

R-squared 0.83041 0.84465 0.84444 0.8087

3C • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Lunch_Start_Vari • Arriv_Depar_Vari • Manag_Arriv_Depar • Auxiliary_Stay_Duration

• Time_Step • Outdoor_Stay_Duration

R-squared 0.83041 0.84465 0.84444 0.8087

4A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Manag_Arriv_Depar • Manag_Room_Stay

• Lunch_Start_Vari • Arriv_Depar_Vari • Auxiliary_Stay_Duration

• Time_Step • Outdoor_Stay_Duration

R-squared 0.83041 0.84465 0.84444 0.8087

5A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Arriv_Depar_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Lunch_Start_Vari • Arriv_Depar_Vari • Manag_Arriv_Depar

• Time_Step
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Table 7. Cont.

Climate Zone MVLinear LASSO NCA ReliefF

R-squared 0.83041 0.84465 0.84444 0.8087

6A • Occupant_Density • Occupant_Density • Occupant_Density • Occupant_Density

• Manag_Arriv_Depar • Staff_Arriv_Depar • Arriv_Depar_Vari • Time_Step

• Lunch_Start_Vari • Manag_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Arriv_Depar_Vari • Manag_Arriv_Depar • Auxiliary_Stay_Duration

• Time_Step • Outdoor_Stay_Duration

R-squared 0.83041 0.84465 0.84444 0.8087

In this study, we applied a variety of feature selection methods to enhance the accuracy
and efficiency of predicting building energy consumption. This approach is supported by
recent research, including the work by Henriques et al. [55], who utilized advanced feature-
selection methods like recursive feature elimination and random forests to uncover atypical
energy-consumption patterns in households. Their findings demonstrate the effectiveness
of comprehensive feature selection in identifying significant predictors of energy usage,
which aligns with our methodology for improving model performance. Additionally, the
application of feature selection for support vector regression models, as discussed in a
study by Zhao and Magoulès [56], highlights the reduction in model complexity and the
improvement in predictive accuracy for building energy consumption. This reference
further validates our choice of feature selection methods by illustrating their benefits in
similar applications, thereby highlighting the relevance of our methodological choices in
the context of current research trends.

Table 8. Identified features for fan energy performance across different climate zones.

Climate Zone MVLinear LASSO NCA ReliefF

2A • Time_Step • Time_Step • Time_Step • Occupant_Density

• Occupant_Density • Occupant_Density • Occupant_Density • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Admin_Arriv_Depar • Admin_Arriv_Depar • Auxiliary_Stay_Duration • Own_Stay_Duration

• Own_Stay_Duration • Own_Stay_Duration • Manag_Room_Stay

R-squared 0.83267 0.83267 0.83092 0.81171

3B • Time_Step • Time_Step • Time_Step • Occupant_Density

• Occupant_Density • Occupant_Density • Occupant_Density • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar • Manag_Room_Stay

• Admin_Arriv_Depar • Admin_Arriv_Depar • Auxiliary_Stay_Duration • Own_Stay_Duration

• Own_Stay_Duration • Own_Stay_Duration • Manag_Room_Stay

R-squared 0.82586 0.82586 0.82374 0.80272

3C • Time_Step • Time_Step • Time_Step • Occupant_Density

• Occupant_Density • Occupant_Density • Occupant_Density • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar • Own_Stay_Duration

• Admin_Arriv_Depar • Admin_Arriv_Depar • Auxiliary_Stay_Duration

• Own_Stay_Duration • Own_Stay_Duration • Manag_Room_Stay
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Table 8. Cont.

Climate Zone MVLinear LASSO NCA ReliefF

R-squared 0.82016 0.82016 0.81748 0.80914

4A • Time_Step • Time_Step • Time_Step • Occupant_Density

• Occupant_Density • Occupant_Density • Occupant_Density • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Staff_Arriv_Depar

• Admin_Arriv_Depar • Admin_Arriv_Depar • Auxiliary_Stay_Duration

• Own_Stay_Duration • Own_Stay_Duration • Admin_Arriv_Depar

R-squared 0.81928 0.81928 0.81827 0.79416

5A • Time_Step • Time_Step • Time_Step • Occupant_Density

• Occupant_Density • Occupant_Density • Staff_Arriv_Depar • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Occupant_Density • Own_Stay_Duration

• Own_Stay_Duration • Admin_Arriv_Depar • Auxiliary_Stay_Duration

• Own_Stay_Duration • Admin_Arriv_Depar

R-squared 0.81505 0.81505 0.81381 0.78929

6A • Time_Step • Time_Step • Time_Step • Occupant_Density

• Occupant_Density • Occupant_Density • Staff_Arriv_Depar • Time_Step

• Staff_Arriv_Depar • Staff_Arriv_Depar • Occupant_Density • Own_Stay_Duration

• Admin_Arriv_Depar • Admin_Arriv_Depar • Auxiliary_Stay_Duration

• Own_Stay_Duration

R-squared 0.81444 0.81444 0.81307 0.78684

These insights not only enhance the ability to create more adaptive and intelligent
building management systems but also support the development of policies and stan-
dards that promote energy efficiency. By integrating these findings into the regulatory
frameworks, it is possible to set more realistic and attainable energy usage benchmarks
that reflect the real-world conditions of office buildings. This approach can lead to more
sustainable energy practices and significant reductions in operational costs, contributing to
broader environmental and economic benefits.

4. Conclusions

This study utilizes a nationwide energy simulation to analyze the impact of occupancy
parameters on building energy performance across different US climate zones. Dynamic
occupancy schedules are generated based on identified occupancy parameters using an
ABM. The generated schedule, along with the DOE small office prototype model, are
integrated into the BPS tool (i.e., EnergyPlus). The simulation results provide a dataset of
occupancy parameters and building energy performance in various climate zones. This
study employs sensitivity analysis and feature selection methods to assess the influence
of occupancy parameters on the energy consumption of various building energy systems
(i.e., heating, cooling, lighting, equipment, and fans).

The energy performance simulation across 16 climate zones revealed that buildings
located in cool marine, mixed marine, and warm marine climate zones had lower total
energy consumption compared to other zones. This lower energy consumption can be
attributed to the moderate and stable temperatures characteristic of marine climates. On
the other hand, buildings in hot–humid climate zones demonstrated significantly higher
energy consumption, primarily due to the high demand for cooling and air conditioning
systems. As a result of the sensitivity analysis, heating and cooling energy consumption
were found to be sensitive to climate zones. However, lighting and equipment energy
consumption remained relatively constant across climate zones, due to their dependence
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on occupancy presence and specific activities rather than climate zones. Fan energy con-
sumption exhibited minimal variation across climate zones but was slightly higher in dry
climates to create a perceived cooling sensation for occupants.

The sensitivity analysis of occupancy parameters revealed the impact of occupant
density, arrival and departure times, and occupants’ stay-time and simulation time-step on
energy consumption. For instance, reducing occupancy density from 0.2 person/m2 to 0.05
person/m2 if possible (e.g., transition to a hybrid work environment) can result in annual
energy savings ranging from 9000 to 12,000 kWh. In other words, an underoccupied office
building can reduce energy consumption by 60 percent. Modifying arrival and departure
times, particularly by starting work earlier at 6:30 a.m. instead of 8:00 a.m., resulted in
lower cooling and fan energy consumption due to taking advantage of cooler temperatures.
Also, in hot climate zones, by shifting the arrival and departure time to the early morning,
an annual energy savings of up to 3000 kWh can be achieved. In addition, changing the
duration of occupants’ stay-time in their own office from 30 to 90 min had a minimal
impact on building energy consumption across all climate zones, with only slight changes
observed in cooling and fan energy consumption. Moreover, the simulation time-step size
influenced the energy performance of cooling systems and fans, with smaller time-steps
resulting in higher energy consumption for these systems. In other words, changing the
simulation time-step from 20 min to 5 min can result in a 50% discrepancy, which is around
12,000 to 15,000 kWh in annual cooling and fan energy consumption.

Feature selection methods applied in this study effectively identified significant occu-
pancy parameters impacting energy consumption, with “Occupant Density” consistently
identified as the primary significant variable across all climate zones. Other variables such
as “staff’s arrival and departure time”, “stay-time in own office”, “lunch break time”, and
“simulation time-step” were also found to have a significant impact on the simulation
results. These findings offer valuable insights into the influential occupancy parameters
for different small offices across various climate zones, underscoring the importance of
tailoring occupancy schedules to enhance energy efficiency. This study provides practi-
cal guidance that can be directly applied to optimize energy consumption and achieve
significant energy savings in small office settings with different weather conditions.

The novel insights gained from this research highlight the critical role of detailed
occupancy parameter analysis in understanding and optimizing building energy perfor-
mance across diverse climate conditions. By employing advanced modeling techniques
and comprehensive sensitivity analyses, this study improves our knowledge of how occu-
pancy behaviors impact building energy consumption and provides a pathway to more
effective energy management strategies tailored to specific climatic and operational con-
texts. Overall, this study not only clarifies the effects of various occupancy parameters on
energy consumption but also underscores the importance of detailed modeling in crafting
energy-efficient buildings. The findings emphasize the necessity of considering both the
micro (occupancy behavior) and macro (climate influences) elements in building energy
assessments to foster sustainability in the built environment. This research also provides
actionable insights that could significantly refine current building energy standards and
practices. Specifically, the findings suggest that ASHRAE standards could be updated to
include more nuanced models of occupant behavior, particularly in relation to occupant
density and dynamic occupancy schedules. We recommend that ASHRAE Standard 90.1
incorporate specific guidelines on adjusting HVAC operation based on real-time occupancy
data, which our research shows can lead to substantial energy savings.

One limitation of this study is the focus solely on small office buildings, neglecting
the analysis of other types of office buildings prevalent in the US. Additionally, the study
uses a single building model for all 16 climate zones, which may limit the reflection of
specific architectural and environmental adaptations typically required for optimal energy
efficiency in diverse climates. This narrow scope restricts the generalizability of our findings
to broader office building contexts. In addition, while we extensively investigated the
influence of occupancy parameters on building energy consumption, our analysis did
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not encompass the impact of other factors such as heating, cooling, lighting, and energy
control strategies. Moreover, the assumption that subspaces within each thermal zone
maintain similar thermal conditions may not fully capture the variability in actual office
environments, where different uses or solar exposures can affect zone-specific energy
demands. Future research could explore these aspects comprehensively to provide a more
holistic understanding of energy efficiency in diverse office building settings.
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