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Preface

Distinguished Guests,
Esteemed Colleagues,

It is a great pleasure to welcome you to the XVII TTMD International HVAC&R Technologies Symposium,
bringing together professionals, academics, researchers, and industry representatives from Tirkiye and
around the world. Over the years, this symposium has become an important international platform where
knowledge is exchanged, new perspectives emerge, and the future of our industry is discussed collectively.

This year’s theme, “Artificial Intelligence in Buildings,” reflects one of the most significant
transformations shaping not only the HVAC&R industry, but also the way we design, operate, and
experience the built environment.

Today, digitalization is no longer simply a technological trend. It has become an essential part of how the world
responds to some of its most pressing challenges. Rapid urbanization, increasing energy demand, climate
change, resource scarcity, and the need to reduce carbon emissions require us to rethink conventional
approaches. Digital technologies and artificial intelligence provide powerful tools to understand complex
systems, optimize resources, improve energy performance, and make buildings more responsive to both
people and the environment.

For the HVAC&R sector, this transformation carries particular importance. Heating, cooling, ventilation, and
building systems represent a substantial part of global energy consumption. Through intelligent controls,
data-driven optimization, predictive maintenance, digital twins, and Al-supported design and operation, we now
have the opportunity to achieve levels of efficiency and performance that were previously difficult to imagine.
The transition toward smarter buildings is therefore not only about technology; it is an important step toward a
more efficient, resilient, and sustainable world.

This year’s symposium also carries particular significance as it coincides with the year in which COP31 will be
hosted by Tiirkiye. At a time when global attention will turn to our country to discuss climate action and a
sustainable future, our focus on artificial intelligence and digitalization in buildings becomes even more
relevant. The transformation of the built environment through smarter, more efficient, and data-driven solutions
will undoubtedly be an important part of achieving our global climate goals.

However, technology alone cannot create this transformation. Its real value emerges when engineering knowl-
edge, scientific research, industry experience, and human creativity come together. This is precisely where
professional organizations and international platforms such as the TTMD Symposium have an important role to
play. By bringing different disciplines and perspectives together, we can turn technological possibilities into
practical and responsible solutions.

Throughout this symposium, we have had the opportunity to explore emerging technologies, exchange
experiences, question established practices, and discuss how artificial intelligence will reshape our profession
in the years ahead. I sincerely thank all our speakers, researchers, industry representatives, sponsors, and
participants whose knowledge, experience, and contributions have enriched this international gathering.

4 TTMD International HVAC&R Technologies Symposium



XVII TTMD
0 TTMD INTERNATIONAL HVAC&R
,,,,,,,,,, TECHNOLOGIES SYMPOSIUM

ARTIFICIAL INTELLIGENCE IN BUILDINGS

Preface

I would also like to express my sincere appreciation to the Symposium Committee, composed of our esteemed
academics who have generously supported TTMD and contributed to our work for many years, for their
continued dedication and invaluable efforts in making this symposium possible.

As TTMD, we believe that our responsibility extends beyond following technological change. We must
contribute to shaping it. We will continue to encourage knowledge sharing, international cooperation, research,
education, and the responsible use of emerging technologies while supporting the development of our sector and
the professionals who will lead its future.

I hope that the ideas and collaborations generated during the XVII TTMD International HVAC&R Technologies

Symposium will extend far beyond these two days and contribute to smarter buildings, more efficient use of our
resources, and a more sustainable future for generations to come.

Secil Iskender
Chair of the 17th TTMD International HVAC+R Technologies Symposium

TTMD International HVAC&R Technologies Symposium 5
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It is my great pleasure, on behalf of the Organizing Committee, to welcome you to the Proceedings of the
17th International HVAC+R Technology Symposium, organized by the Turkish Society of HVAC and Sanitary
Engineers (TTMD).

Founded in 1992, TTMD aims to advance professional and scientific knowledge in heating, refrigeration,
ventilation, air-conditioning, plumbing, insulation, and building control systems. Over the years, the Society has
evolved into a multidisciplinary platform that brings together designers, consultants, manufacturers,
contractors, building operators, academics, researchers, and other stakeholders in pursuit of shared goals.
Through its technical, educational, and scientific activities, TTMD continues to contribute to the development
of the HVAC+R sector and the improvement of building performance and environmental quality.

The COVID-19 pandemic significantly affected the organization of scientific and professional events
worldwide. The 14th TTMD Symposium, originally planned for 2020, was held online, and the 2022 and 2024
symposia also took place entirely through online platforms. The 17th Symposium therefore marked a
particularly meaningful return to an in-person format, enabling our professional and academic community to
meet face to face once again after a long interval. We were delighted to renew direct dialogue, exchange
knowledge, and strengthen collaboration among the different stakeholders of the sector.

The main theme of the 17th International HVAC+R Technology Symposium was “Artificial Intelligence in
Buildings and HVAC Applications.” Artificial intelligence has entered our professional and everyday lives with
remarkable momentum. Like many transformative innovations, it initially generated uncertainty and concern,
followed by intense curiosity and exploration. We have now entered a period of broader acceptance, accompa-
nied by an increasing awareness of both the opportunities offered by artificial intelligence and the technical,
ethical, and professional challenges associated with its use.

For the building and HVAC+R sectors, artificial intelligence presents considerable potential across a wide range
of applications, including building design, performance prediction, system optimization, fault detection and
diagnosis, predictive maintenance, energy management, indoor environmental quality, and occupant-responsive
control. At the same time, its effective integration requires reliable data, appropriate infrastructure, interdiscipli-
nary expertise, transparency, and the development of new professional competencies. The central question
addressed throughout the Symposium was therefore not simply whether artificial intelligence will transform our
sector, but how this transformation can be guided to create meaningful, responsible, and lasting benefits.

The scientific and professional contributions presented during the Symposium examined these issues from
multiple perspectives. Through invited lectures, technical presentations, discussions, and the panel entitled
“The Future of Data Centers,” distinguished experts explored both the direct applications of artificial
intelligence in buildings and HVAC systems and the growing importance of data centers as one of the essential
infrastructures supporting artificial intelligence. The papers included in this volume reflect the diversity of these
discussions and provide valuable insights into current developments, emerging challenges, and future research
and implementation priorities.

6 TTMD International HVAC&R Technologies Symposium
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I sincerely hope that these proceedings will serve as a useful and enduring resource for academics, researchers,
designers, engineers, manufacturers, practitioners, students, and decision-makers. I also hope that the
knowledge and perspectives shared within this volume will encourage further research, interdisciplinary
collaboration, and  innovative  applications in  the building and HVAC+R  sectors.

I would like to express my sincere gratitude to all invited speakers, panelists, authors, reviewers, session chairs,
participants, sponsors, and supporting institutions whose contributions made this Symposium possible. I extend
my heartfelt thanks, in particular, to all members of the Organizing Committee for their dedicated work, valua-
ble contributions, and commitment throughout the preparation and implementation of the event.

On behalf of the Organizing Committee, 1 am pleased to present the Proceedings of the 17th International

HVAC+R Technology Symposium to our professional and academic community.

Prof. Dr. Giilsu Ulukavak Harputlugil
Chair of the 17th TTMD International HVAC+R Technologies Symposium
Organizing Committee

TTMD International HVAC&R Technologies Symposium 7
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Dr. Andrei Crisan is a lecturer at the Politehnica University Timisoara, within the
Department of Steel Structures and Structural Mechanics, and Head of the Center for
Innovation and Technological Transfer (CITT). A structural engineer by education, his
academic and research activity combines steel structures with advanced numerical
simulations and digital engineering methodologies.

His current work focuses on Building Information Modeling (BIM), Digital Twins, and
structured information management across the entire lifecycle of built assets. He is
particularly interested in the integration of simulation-driven approaches with
BIM-enabled workflows, supporting performance-based design and decision-making.

With over a decade of experience bridging academia and industry, he contributes to applied
research and international initiatives such as the BIM2in project, advancing training frame-
works that connect BIM, Digital Twins, and simulation with real-world applications in
Cultural Heritage, LCA and manufacturing.

Mr. Lungu is Associate Professor at the Technical University of Civil Engineering
(www.utcb.ro) and visiting professor at Ecole Nationale Superieure de I’Energie, I’Eau et
I’Environment ENSE 3 (France). He is specialized in dynamic simulation of HVAC and
RES systems, including EPB and NZEB assessment.

He represents AIIR (the Romanian Association of Building Services Engineers,
www.aiiro.ro) as first vice president (since 2020), and REHVA as vice-president and
treasurer since May 2017. In April 2021 he was elected as the next REHVA President for
the mandate 2022-2025 (www.rehva.eu). Since 2013 he is the managing director of the
Romanian Chamber of Energy Auditors (www.oaer.ro) and the main organizer of training
and life-long learning courses for Romanian energy auditors.

Dr. Lungu was the organizing committee chair of the REHVA HVAC World Congress
CLIMA 2019 (2016-2019). He is/was project director of 4 research projects and member in
other 4, including the national project for recasting the national methodology for the
calculation of the energy performance of buildings, according to the new set of EPB
standards. He is also member of 6 standardization technical committees (5 ASRO and 1
ISO).

As main author or co-author, Dr. Lungu has been publishing 6 books and more than 50
scientific or technical articles.

8 TTMD International HVAC&R Technologies Symposium
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Professor Cheol-Soo Park has shown his academic achievement in the area of building
simulation through his extensive publication record and the mentoring of students who
have achieved prestigious global and domestic recognition under his guidance. Professor
Park's career spans impactful positions serving as an advisory council member for the
President of Republic of Korea (ROK) on science & technology, the representative of
IBPSA-Korea and the 15th president of the Korean Institute of Society of Architectural
Sustainable Environment and Building Systems (KIAEBS). His recent research interests
include MPC for real-life cases, physics-informed Al, federated learning model,
causality-based model, model calibration, and occupant behavior.

Giilsu Ulukavak Harputlugil has been working as an academic researcher in the field of
architecture since 1998. She completed her undergraduate, master’s and doctoral studies at
Gazi University. Since joining Cankaya University in 2014, she has continued her academ-
ic career there and currently serves as a full-time Professor at the Faculty of Architecture,
where she is responsible for various undergraduate and graduate courses, including Archi-
tectural Design Studio, Building Physics and Construction Systems. Her academic inter-
ests include climate-responsive and energy-efficient building design, net-zero energy/car-
bon/water buildings, and performance-based design. Since 2010, her research has focused
on comfort-driven occupant behaviour, retrofit strategies for the existing building stock,
and climate change adaptation strategies for buildings and communities.

Her research has been funded by TUBITAK and the British Council Newton Fund, and she
has taken part in several national and international research projects as a senior expert in
the field.

In 2017, she established IBPSA-Turkey, the Turkish chapter of the International Building
Performance Simulation Association, under the umbrella of TTMD, and served as its chair
until 2024. She also served as a member of the 16th Term Board of Directors of TTMD.
She currently represents the Republic of Tiirkiye as a member of the Executive Committee
of the International Energy Agency Energy in Buildings and Communities Technology
Collaboration Programme.

Dr. Paksoy is currently a professor in the Chemistry Department, and the Director of the
Center for Environmental Research at Cukurova University, Adana, Turkey.

She is a chemical engineer who has been concentrating on thermal energy storage
technologies since 1992. She serves as the Turkish Delegate representing TTMD and was
the former Chair of the Executive Committee of the International Energy Agency Energy
Storage Technology Collaboration Program (IEA ES TCP).

Halime Paksoy leads the thermal energy storage research team at Cukurova University
with main focus is on fundamental and applied energy storage studies, as well as on
developing thermal energy storage materials and their applications on using renewable and
alternative energy in buildings and industry. She is associate editor responsible for energy
storage in the International Journal of Solar Energy Society.

TTMD International HVAC&R Technologies Symposium 9
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Graduate in 1988 of the Faculty of Civil Engineering, Building Services Department,
within the Traian Vuia Polytechnic Institute (currently Politehnica University of Timisoara)
and PhD in Civil Engineering from Politehnica University of Timisoara since 2007.

In 1994, he founded SC Dosetimpex SRL, today one of the main competitors in the
Romanian building services market. Since 1993, he has been an associate lecturer at the
Faculty of Architecture of Politehnica University of Timisoara.

A member of AIIR since 1993, he served as Vice President (2007-2016), First Vice
President (2016-2020), and President for two consecutive terms (2020-2024 and
2024-2028). He was also Vice President of REHVA (2007-2016), REHVA Ambassador
for CLIMA 2019 (2016-2019), and is a REHVA Fellow.

An ASHRAE member since 2004 and ASHRAE Fellow, he served as Secretary of the
ASHRAE Danube Chapter (2005-2019 and 2020—present) and President (2019-2020). He
was ASHRAE Region XIV Europe Member Council Representative (2020-2023) and
Regional Vice Chair for Government Affairs (2023-2026).

He is also a member of AICVF, France, and has served on the Board of Directors of
ARACO since 2016.

He has designed and implemented major building services projects for large companies in
Romania. Since 2013, Dosetimpex has also been active in the Belgian construction
installations market.

He has extensive expertise in building services engineering, building energy performance,
building sustainability, the use of solar energy, and achieving energy savings in buildings.

10 TTMD International HVAC&R Technologies Symposium
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Ismail Can completed his secondary education at Istanbul Erkek Lisesi. He graduated from
Bogazi¢i University with a degree in Computer Science in 1976 and Mechanical
Engineering in 1980.

i

He began his career in 1980, working at Efes Pilsen and Boral Engineering until 1984,
including as Design Team Leader for the mechanical systems of the Petlas Tire Factory
projects. He relocated to Australia at the end of 1984.

ISMAIL

CAN Between 1985 and 1993, he worked on mechanical design projects for high-rise buildings
in Australia and Singapore. Major projects included Suntec City (Singapore), Hobart
Sheraton Hotel (Australia), Cairns Parkroyal Hotel (Cairns, Australia), Shangri-La
International Hotel (Jakarta, Indonesia), War Memorial Museum (Canberra, Australia),
GIO Computer Centre (Sydney, Australia), Charbon Collieries mine ventilation systems
(Hunter Valley, Australia), University of New South Wales (Sydney, Australia), and
Atomic Energy Centre (Sydney, Australia).

In 1993, he returned to Istanbul and founded Birikim Engineering Project Ltd., completing the
mechanical system design of over 100 medium and large-scale projects between 1993 and
2013. Key projects included Istinye Park Shopping Mall and Residences, Trump Towers
Shopping Mall and Residences, Kempinski Shopping Mall and Residences, MetroCity, Siizer
Plaza (Gokkafes), Bomonti Hilton, and Sabanci University Campus and Nanotechnology
Center (Istanbul); Moscow Tax Office and Interhotel Petrograd (Russia); Military Hospital
and Theatre Buildings (Ashgabat); and Palm Jumeirah Village Centre (Dubai).

In 2013, he returned to Australia, specializing in the mechanical design of critical facilities,
including cleanrooms, R&D centers, laboratories, data centers, and hospitals. Major
projects between 2014 and 2022 included UA Pharmacological Sterile Cosmetics Factory,
Sypharma Pharmaceuticals, and Mass Spectroscopy and Cryogenic Laboratories for
Monash, Swinburne, and Melbourne Universities (Melbourne, Australia); Australian
Antarctic Research Laboratories (Tasmania, Australia); Australian National University
Semiconductor Development Centre (Canberra, Australia); and various hospital projects.

In 2022, he relocated to London and joined Arup Engineering Group as a Senior
Consultant, focusing on decarbonization, energy efficiency, and large-scale data centers.
Key projects between 2022 and 2024 included Francis Crick Institute (decarbonization,
data center, and sustainable cooling water systems, London, UK), 1 Triton Square
Research Institute (decarbonization and energy efficiency systems, London, UK), and
Khorfakkan Research Institute (mechanical systems design, UAE).

He returned to Istanbul in mid-2024 and currently works as a Senior Consultant at Arup
Engineering Turkey, focusing on large data centers and decarbonization projects.
Professional Memberships and Credentials: Engineers Australia — Chartered Professional
Engineer; Registered Professional Engineer — NSW and Victoria, Australia; APEC —
International Professional Engineer; ASHRAE (USA) — Life Member; CIBSE (UK) —
Member.

He is fluent in English and German.

TTMD International HVAC&R Technologies Symposium 11
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. Various hospital projects

In 2022, he relocated to London and joined Arup Engineering Group as a Senior Consult-
ant, focusing on decarbonization, energy efficiency, and large-scale data centers. Key
projects between 2022 and 2024 include:

h

. Francis Crick Institute — decarbonization, data center, and sustainable cooling
water systems — London, UK
. 1 Triton Square Research Institute — decarbonization and energy efficiency

systems — London, UK

. Khorfakkan Research Institute — mechanical systems design — UAE

He returned to Istanbul in mid-2024 and is currently working as a Senior Consultant at
Arup Engineering Turkey, focusing on large data centers and decarbonization projects.
Professional Memberships and Credentials:

. Engineers Australia — Chartered Professional Engineer

. Registered Professional Engineer — NSW and Victoria, Australia

APEC — International Professional Engineer

ASHRAE (USA) — Life Member

CIBSE (UK) — Member

He is fluent in English and German.

After almost 35 years of teaching in the field of HVACR at various vocational colleges and
mechanical engineering departments, I retired in 2022. I am currently acting as a
consultant.

I love music and I believe that “music makes us one”.

Kivang Aslantas is a Mechanical Engineer with over 25 years of experience in HVAC
systems, spanning construction, project management, production, technical sales, and
after-sales services.

He is a certified trainer for combustible gases and refrigeration cycles, including R744
(CO») refrigeration systems, registered in the European Union database. Since 2005, he has
been actively involved in refrigeration systems using natural refrigerants, with a strong
focus on the adoption and dissemination of CO:-based solutions.

He has served as Project Coordinator for UNIDO demonstration and pilot activities
promoting low Global Warming Potential (GWP) refrigerants in Tirkiye, and continues to
contribute as a national consultant for UNDP and UNIDO. He currently serves as Sales &
Marketing Director at GVN Refrigeration.

In this seminar, he shares practical insights and field experience on sustainable
refrigeration technologies and system applications.

12 TTMD International HVAC&R Technologies Symposium
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Livio Mazzarella graduated in Milan in Mechanical Engineering with a focus on Energy in
1982. Full Professor of Environmental Technical Physics since 2000, he has been teaching
various disciplines in the field of environmental air conditioning and building physics at
the Politecnico di Milano since 1990, and he is author of more than 200 publications in
such sectors. Member of AICARR since 1979, he has held the position of member of the
Board several times and represents AICARR in RHEVA, where he is the actual president
for the term 2025-2028. He has been working in standardization since 1992 at CTI (Italian
Standardization Committee for HVAC), where he is currently nominated Council Member
by the Ministry of University and Research. He is also President of the Indoor
Environmental Quality Global Alliance.

i

Mr. Meri¢ Sapci is a mechanical engineer with over 30 years of experience in heating,
ventilation, and air conditioning (HVAC), plumbing, and fire protection systems design.
He has served as a lead designer and design coordinator for numerous high-profile projects
across both domestic and international markets. He is the founder and principal of
METTA Engineering.

He began his professional career by establishing GMD Engineering in 1995, where he
successfully led a wide range of projects over a l4-year period. Since 2009, he has
continued his work under METTA Engineering.

Mr. Sapci is a well-recognized expert in building mechanical systems and served as the
15th term President of the Turkish Society of HVAC & Sanitary Engineers. He has also
been an active member of ASHRAE for more than 25 years.
His expertise includes hydronic systems, water loop heat pump applications, and advanced
HVAC design, with a strong focus on energy efficiency, sustainability, and
performance-based engineering.

TTMD International HVAC&R Technologies Symposium 13
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Sarven Cilingiroglu was born in Istanbul in 1963. He graduated from Getronagan High
School in 1980 and from the Faculty of Mechanical Engineering at Istanbul Technical
University (ITU) in 1984. In the same year, he began his master’s studies at the ITU
Institute of Science and Technology and completed his degree in 1987 in the Energy
Program of the Mechanical Engineering Department, as a MSc Mechanical Engineer.
During his graduate studies, he worked part-time for one year at Honeywell in the field of
“Building Automation”. In 1986, he completed a two-month internship at York
International in the United Kingdom, where he conducted research for his master’s thesis
on heat pumps. He fulfilled his military service between 1987 and 1989.

He served as;

Board Member of the Turkish Society of HVAC and Sanitary Engineers (TTMD) during
the 6th term (2003-2004) and the 10th term (2011-2012).

Chairman of the Board in the 12th term (2015-2016)

Vice Chairman in the 13th term (2017-2018).

Board Member of CLIMAMED, the Federation of Mediterranean HVAC Associations in
2017

Vice Chairman of the Board of ISKAV (Foundation for Research and Education in
Heating, Cooling and Air Conditioning) during its 8th term (2018-2021).

He is currently serving as ISKAV Chairman of the Board for the 9th and 10th terms
(2021—present).

He is the owner of Cilingiroflu Engineering, a company providing mechanical installa-
tion design, supervision, and consultancy services.
He is married and has two children.

Sinan Alkas serves as a Principal Construction Project Manager at Turkcell and specializes
in data center design and construction. He manages the entire project lifecycle end-to-end
for advanced data center projects implemented in Turkey, from concept development to
commissioning and international certification processes.

His work focuses particularly on mechanical systems and cooling infrastructure in data
centers, developing strategies and implementations for managing high-density IT loads,
energy efficiency, and sustainability. In this context, he actively contributes to ensuring that
projects are developed in compliance with international quality standards such as EN
50600 and Uptime Institute criteria.

He also adopts a holistic approach to risk management, budget optimization, and
operational continuity in critical infrastructure projects, supporting the long-term
performance of data center investments through innovative and sustainable solutions.

14 TTMD International HVAC&R Technologies Symposium
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Volkan Doda is the Head of Design Technologies at Atelier Ten’s US offices and the 2025
CIBSE Engineer of the Year. With a background in architecture, engineering science, and
environmental design, he’s spent his career at the overlap of disciplines where the
spreadsheets meet the sketchbooks.

Since joining Atelier Ten in 2013, he’s worked on a wide range of projects from resorts
carved into desert mountains to unloved 1980s office blocks in need of a greener future.
Along the way, he’s led teams, mentored future designers, and set up knowledge-sharing
networks that ensure no good new idea stays hidden for long.

Volkan is currently exploring how Al and data might change the way we design buildings,

while reminding everyone that sound sustainable design remains a team sport regardless of
which tools we adopt to deliver it.

TTMD International HVAC&R Technologies Symposium 15
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Andrei Crisan

Politehnica University Timisoara

Speech Title: Beyond 3D Models: BIM and Digital Twins in the Age of AI

Abstract:

The construction sector does not lack digital models, software platforms or data-generating technologies; its
fundamental challenge is the absence of connected continuous and decision-oriented information. Within the
BIM2in project (www.bim2in.eu), the consortium examines the transition from model-centred BIM practices
towards integrated, lifecycle-oriented information ecosystems. It follows the evolution of information from early
design and multidisciplinary coordination through construction verification and handover to asset operation,
demonstrating how conventional and even BIM-based workflows may still generate fragmented datasets, discon-
nected documents and information silos. Such discontinuities frequently require asset operators to reconstruct
essential knowledge after project completion. The main idea is to start considering BIM as a collaborative
information management process through which objectives, responsibilities, requirements, exchanges and
deliverables are coordinated to support reliable decision-making throughout the asset lifecycle. This perspective
provides the basis for clarifying the practical relationship between the BIM framework, the Digital Twins use
cases and Artificial Intelligence, used for decision making. Considering the entire project development process,
information evolves continuously: during design, information primarily describes what is intended to be
built; during construction, it records and verifies what has been delivered; and during operation, it is used to
explain how interconnected asset systems perform. Within this operational space, Digital Twins aim to maintain
meaningful relationships between physical assets, structured information models, IoT data, maintenance records,
environmental conditions and performance indicators. Their value, however, cannot be derived from visual
sophistication or technological integration alone. Incomplete, inconsistent or poorly governed information
cannot provide a reliable foundation for monitoring, simulation, prediction or optimisation.

Building on the principle of “reliable information before intelligence”, we introduced an ISO 19650-aligned
pathway through which organisational objectives are translated into explicit information requirements, defined
according to the Level of Information Need (according to ISO 7817) and delivered through controlled
information exchanges. Information Delivery Manuals (defined according to ISO 29481) support the definition
of processes and responsibilities, while Information Delivery Specifications (a standard developed by building-
Smart International) enable machine-readable requirements and automated verification. This structured pathway
supports the transition from the Project Information Model used during delivery to the Asset Information Model
required for operation, establishing the context, traceability and information quality needed by Digital Twins.
Artificial intelligence can subsequently operate on this trusted foundation to identify patterns, forecast
performance and support better decisions. Al is consequently positioned not as the starting point of digital trans-
formation, but as the outcome of a mature information ecosystem supported by appropriate standards, processes,
competencies and organisational change. The The conceptual basis of this proposal is further developed in the
paper A BIM-Based Framework Proposal for Reliable Information Governance in Urban Digital Twins, where
ISO-aligned processes are integrated into a traceable framework connecting organisational objectives,
information requirements and Digital Twin applications. The conceptual basis of this proposal is further devel-
oped in the paper A BIM-Based Framework Proposal for Reliable Information Governance in Urban Digital
Twins, where 1SO-aligned processes are integrated into a traceable framework connecting organisational
objectives, information requirements and Digital Twin applications.The conceptual basis of this proposal is
further developed in the paper A BIM-Based Framework Proposal for Reliable Information Governance in Urban
Digital Twins, where [SO-aligned processes are integrated into a traceable framework connecting organisational
objectives, information requirements and Digital Twin applications.
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The conceptual basis of this proposal is further developed in the paper A BIM-Based Framework Proposal for
Reliable Information Governance in Urban Digital Twins (Crisan, A.; Herban, S.; Pepe, M.; Karlshgj, J.; Baioc-
chi, V.; Runceanu, B. A BIM-Based Framework Proposal for Reliable Information Governance in Urban Digital
Twins. Urban Sci. 2026, 10, 416. https://doi.org/10.3390/urbansci10070416), where ISO-aligned processes are
integrated into a traceable framework connecting organisational objectives, information requirements and Digital
Twin applications.
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Cheol-Soo Park

Seoul National University, South Korea

Speech Title: Real-life Examples and Future Challenges of AI-Assisted HVAC Operation

Abstract:

In this presentation, Professor Cheol Soo Park will address why the simulation model is so essential for effective
HVAC operation of existing buildings. He will show several real-life examples of real-time implementation of
Al for residential and commercial buildings in South Korea. It will be addressed that without resorting to passive
or active building retrofits, Al-empowered control could save energy by 20% compared to existing controls. Sub-
sequently, Prof. Park will address emerging challenges including physics-informed vs. Al-informed model,
one-way vs. bi-directional AI, local vs. federated AI, and correlation vs. causality-based AL
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Giilsu Ulukavak Harputlugil
(Cankaya University

Speech Title: Artificial Intelligence in Buildings and HVAC: Opportunities, Risks, and the Changing
Role of Engineers

Extended Abstract based on the Al interview presented at TTMD's 17th International HVAC + R Technology
Symposium

Artificial intelligence (Al) is expanding the scope of building and HVAC applications beyond conventional
automation toward systems that can learn, predict, generate alternatives, and support complex decisions. This
extended abstract synthesizes a structured Al-mediated interview presented at TTMD's 17th International
HVACHR Technology Symposium. The interview addressed five interrelated themes: reinforcement learning for
dynamic energy optimization; Al-integrated digital twins and predictive maintenance; the joint management of
indoor air quality, energy use, and personalized comfort; generative design and the changing role of HVAC engi-
neers; and the cybersecurity, privacy, and ethical challenges of connected buildings. Together, these themes
describe a broader transformation in which buildings become adaptive cyber-physical systems. The central argu-
ment is that Al improves performance only when reliable data, appropriate infrastructure, human expertise, and
accountable decision-making are integrated throughout design and operation.

The first theme concerned the limitations of traditional rule-based HVAC control. Conventional automation
generally follows predefined thresholds and schedules. Although reliable and transparent, it responds imperfectly
to changing weather, occupancy, internal gains, thermal inertia, and energy prices. Reinforcement learning
instead allows a control agent to learn from the consequences of its actions. A reward function can seek to reduce
energy use while maintaining comfort and indoor environmental quality, enabling control decisions to adapt as
conditions evolve. The interview cited substantial energy-saving ranges under simulation and experimental
conditions, but emphasized that real-building savings are generally more moderate and context-dependent.
Performance varies with the baseline control strategy, building type, climate, equipment, occupancy, and com-
missioning quality; Al therefore cannot promise a universal efficiency rate. Its fundamental advantage is to treat
a building as a changing, learnable system rather than a static collection of equipment.

The transition from simulation to operation remains a major challenge. An algorithm trained virtually may
encounter sensor faults, unexpected occupant actions, unusual weather, or equipment behavior absent from its
training data. This simulation-to-reality gap can produce unstable decisions if Al is deployed without safeguards.
In hybrid control architectures, established engineering rules define safe boundaries while the learning algorithm
adapts within them. High-resolution data on temperature, humidity, occupancy, air quality, equipment status, and
weather are also needed. Yet data alone are insufficient: facility managers must understand the system, intervene
when necessary, and evaluate recommendations that differ from established routines. Organizational readiness
and change management are  therefore as  important as  algorithmic  performance.

The second theme explored Al-integrated digital twins. A digital twin is a continuously updated virtual
representation of a physical building or HVAC system. Supplied with real-time temperature, flow, pressure,
vibration, power, and equipment-status data, it can support anomaly detection and performance forecasting.
Al-supported predictive maintenance identifies deviations before they become failures, allowing intervention at
an appropriate time rather than only after breakdown or according to fixed replacement intervals.
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This can reduce emergency work, unnecessary service visits, downtime, and secondary damage, while extending
equipment life by correcting small faults early. Because deteriorating equipment may consume excessive energy
before complete failure, predictive maintenance can reduce both maintenance expenditure and operational
energy use.

Indicative savings ranges for predictive maintenance and operating costs should not be generalized without
considering abuilding's condition and maintenance regime. Buildings relying on reactive maintenance may offer
greater potential than facilities with mature preventive programs and well-commissioned controls. More impor-
tantly, a digital twin creates no value merely by collecting or visualizing data. Savings occur when diagnostics
inform maintenance planning, control, energy management, and operational procedures. This requires sustained
investment: sensors must be calibrated, models synchronized with physical assets, data pipelines maintained, and
facility teams trained. Without such integration, an expensive digital twin may remain only an advanced
monitoring interface.

The third theme addressed indoor air quality (IAQ) and occupant comfort, which received greater attention after
the COVID-19 pandemic. Ventilation creates a recurring trade-off: outdoor air reduces pollutant concentrations
but must often be heated, cooled, humidified, or dehumidified. Traditional demand-controlled ventilation com-
monly reacts to a limited variable such as carbon dioxide, using fixed thresholds. Al can combine occupancy
forecasts with real-time CO2, particulate matter, volatile organic compound, temperature, and humidity data to
anticipate zone-level demand. Ventilation may be increased before a meeting and reduced in unoccupied areas,
maintaining IAQ while avoiding unnecessary conditioning. The value of Al lies not simply in delivering more
ventilation, but in determining when, where, and how much is required. Energy, health, and comfort can thus be
optimized together.

The same approach supports personalized climate control. Conventional systems maintain a uniform setpoint for
an average occupant, although thermal preferences vary. Feedback from mobile applications, environmental
controls, or wearables could help Al learn preferences and coordinate central HVAC with personal fans, heaters,
smart diffusers, or zonal units. This could provide localized comfort without conditioning an entire building to
satisfy the most demanding request. However, user preferences must remain within energy and safety limits;
additional sensors increase cost and maintenance; and physiological or occupancy data may reveal sensitive
information. Personalized comfort is therefore most credible as a constrained, transparent optimization process
rather than unlimited individual control.

The fourth theme considered generative design and the changing role of HVAC engineers. Al-enabled tools can
generate and compare piping and ductwork configurations using criteria such as pressure loss, energy use, invest-
ment cost, coordination, fire safety, acoustics, hygiene, accessibility, and maintainability. This is valuable in
complex buildings, where routes interact with structures, ceiling zones, shafts, fire compartments, architecture,
and other services. The interview described a shift from engineer as drawing producer to curator of alternatives.
Yet curatorship is not passive selection: the engineer must define the problem, set boundaries, select criteria,
evaluate trade-offs, and judge whether a computationally optimal proposal is constructible and operationally
sound. A shortest route may obstruct valve access, while an energy-efficient arrangement may conflict with fire
protection. Practical knowledge remains indispensable.
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Reducing design error requires a human-in-the-loop process combining reliable BIM data, clear requirements,
automated rule checks, simulation, interdisciplinary coordination, traceable assumptions, and professional
review. Al can accelerate alternative generation, but poorly specified objectives produce misleading results: opti-
mizing only energy may raise capital or maintenance costs, while minimizing first cost may weaken long-term
performance. Future HVAC engineers will need both conventional competence and Al literacy - the ability to
formulate questions, assess data quality, interpret outputs, identify constraints, and justify a selected solution. Al
shifts professional activity from repetitive production toward strategic judgment without transferring
responsibility to the algorithm.

i

The final theme concerned cybersecurity, privacy, and ethics. As HVAC and building management systems
connect to cloud platforms, digital twins, analytics services, and external contractors, they become potential
entry points for cyberattacks. Consequences may range from discomfort and energy waste to equipment damage,
disruption of critical environments, or unauthorized access to organizational networks. Vulnerability increases
with legacy controls, infrequent updates, weak credentials, and fragmented responsibility among mechanical,
controls, IT, facility management, and service teams. Meanwhile, apparently harmless environmental and
occupancy data can reveal work patterns, meeting schedules, health-related information, or individual behavior
when combined over time.

The interview therefore advocated secure-by-design and privacy-by-design approaches. Measures include
network segmentation; strong authentication and access management; encryption; regular updates; data minimi-
zation and anonymization; audit logs; anomaly detection; reviewable Al decisions; and clear allocation of
responsibility. Human awareness remains critical because phishing, poor passwords, or disabling security func-
tions can defeat technical safeguards. The ethical quality of an Al-enabled building depends not only on what can
be measured and optimized, but also on whether data collection is proportionate, understandable, consensual, and
governed throughout its life cycle.

In conclusion, Al can support lower energy use, better IAQ and comfort, longer equipment life, reduced operat-
ing costs, and more performance-oriented HVAC design. These outcomes are conditional, requiring reliable
sensors and models, interoperable systems, carefully defined objectives, validated algorithms, skilled operators,
professional oversight, and robust security governance. The appropriate perspective is accountable augmenta-
tion: buildings become adaptive systems in which human knowledge and machine intelligence complement one
another. Al serves as an operational and design intelligence layer, while engineers retain responsibility for safety,
feasibility, ethics, and long-term performance. The sustainable smart building of the future must therefore be not
only efficient and comfortable, but also transparent, secure, privacy-conscious, and digitally resilient.

Keywords: Artificial intelligence; HVAC; reinforcement learning; digital twin; predictive maintenance; indoor
air quality; generative design; cybersecurity
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Halime Paksoy
Cukurova University

Speech Title: GREENOLIVE Project for Decarbonization of Industry with Power to Heat Concept

Abstract:

Heat accounts for more than half of global energy consumption across power generation, industry, buildings, and
transportation sectors. The associated greenhouse gas emissions continue to be a significant threat to the planet,
making deep decarbonization an urgent priority to mitigate climate change. Among these sectors, industry—par-
ticularly processes requiring temperatures above 200 °C—remains one of the most challenging to decarbonize.
Although renewable electricity generation from solar photovoltaic (PV) and wind is rapidly expanding, the inter-
mittent nature of these resources and the continuous heat requirements of industrial processes create significant
challenges for direct electrification. Power-to-Heat (PtH), particularly when coupled with thermal energy storage
(TES), provides an attractive pathway for converting renewable electricity into reliable process heat while
reducing dependence on fossil fuels.

The GREENOLIVE (Green Mediterranean through Solar Driven Decarbonization of Industries) project funded
under the Interreg NEXT MED Programme 2021-2027 brings together six partners from Italy, Spain, France,
Tirkiye, Egypt, and Palestine and nine associated partners, with the aim of accelerating industrial decarboniza-
tion in the Mediterranean region. The project integrates a photovoltaic system, electrical heaters, and a sensible
thermal energy storage system to provide process heat at the required temperature level for an industrial polymer
production facility in Tiirkiye.

A pilot plant will be implemented at the ASCHEM polymer facility in Yumurtalik, Adana, Tiirkiye, to demon-
strate the feasibility and benefits of the PtH approach. In this system, 600 kWe of renewable electricity generated
by photovoltaics (PV) will be converted into process heat at approximately 300 °C using electric heaters. During
periods of surplus PV generation, excess heat will be stored in a thermal energy storage (TES) system and
utilized when renewable generation is insufficient. The pilot plant is expected to reduce natural gas consumption
by 18-22%.

TES is a critical component of the proposed PtH system because it enables the temporal decoupling of renewable
electricity generation from industrial heat demand. Sensible heat storage is employed in the GREENOLIVE pilot
to store thermal energy generated when renewable electricity is available and subsequently deliver it when
required by the industrial process.

A key innovation of the project is the valorization of waste materials available on-site, which will be used as
storage media in a packed-bed TES system. The use of waste-based materials as packed-bed fillers additionally
introduces a circular-economy dimension by valorizing locally available materials while potentially reducing the
cost and environmental impacts associated with conventional TES materials.

The GREENOLIVE project demonstrates how the integration of renewable electricity, Power-to-Heat, thermal
energy storage, waste-based materials, and intelligent control can provide a flexible pathway for industrial heat
decarbonization. The combination of PtH and TES can address the temporal mismatch between variable renewa-
ble energy generation and continuous industrial heat demand, while Al-based control can further enhance renewa-
ble energy utilization and system flexibility. The results of the pilot are expected to provide valuable technical and
operational knowledge for replicating this approach in other industrial sectors and temperature ranges, contribut-
ing to the transition toward more resilient, low-carbon industrial energy systems in the Mediterranean region.
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Ioan Silviu Dobosi

President AIIR - Romanian Association of Building Services Engineers

Title: The Smart Hospital of the Future

Subtitle:
Integration of BMS, BIM, and Artificial Intelligence in the Context of European Policies and ASHRAE
Standards for Comfort, Indoor Air Quality, Energy Efficiency, and Decarbonization

Abstract:

In the context of climate change, digital transformation, and new requirements for indoor environment health,
this paper proposes an integrated vision of the smart hospital of the future, where indoor comfort, air quality
(IAQ), energy efficiency, and decarbonization are addressed through the integration of BMS, BIM, and Artificial
Intelligence systems.

Healthcare buildings are characterized by a high level of complexity and strict performance requirements, which
necessitates moving beyond traditional fragmented approaches and adopting integrated, data-driven models.
The paper highlights the role of BMS as a real-time monitoring and control system, BIM as a data integration
platform throughout the entire lifecycle, and Artificial Intelligence as a mechanism for predictive optimization
and dynamic adaptation of hospital operations.

The approach is correlated both with European strategic directions on digitalization and decarbonization of the
built environment, and with ASHRAE standards and priorities regarding indoor air quality, energy efficiency,
and built environment safety.

Based on relevant case studies from Romania, the paper outlines an integrated BMS-BIM—AI model that paves
the way for smart, autonomous, and sustainable hospitals, centered on the patient and indoor environment
performance.
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Speech Title: Artificial Intelligence in Building HVAC Systems: From Predictive Control to Al-Powered
Digital Twin

Keywords
Artificial Intelligence, HVAC Systems, Building Automation, Digital Twin, Predictive Maintenance, Indoor Air
Quality, 10T, Machine Learning

Abstract:

The building sector is undergoing a profound digital transformation driven by advances in Artificial Intelligence
(AI), the Internet of Things (IoT), cloud computing, and Digital Twin technologies. Heating, Ventilation, and Air
Conditioning (HVAC) systems, which account for a significant share of building energy consumption, represent
one of the most promising application areas for Al-based solutions. This paper presents an overview of Al tech-
nologies and their application in building HVAC systems, highlighting current achievements, emerging trends,
and existing limitations.

Artificial Intelligence can be defined as the capability of machines to emulate human cognitive functions such as
learning, reasoning, planning, and creativity. The evolution of AI has progressed from traditional rule-based
approaches to machine learning, deep learning, generative Al, and, most recently, autonomous Al agents capable
of making decisions and performing complex tasks with limited human intervention. In the HVAC sector, these
technologies enable systems to move beyond conventional control logic and towards predictive, adaptive, and
self-optimizing operation.

Several Al paradigms contribute to HVAC management. Supervised machine learning models are widely applied
to forecast thermal loads, energy demand, and equipment performance using historical operational data. Unsu-
pervised learning techniques support anomaly detection and fault identification by recognizing hidden patterns
within large datasets. More advanced approaches employ deep reinforcement leaming (DRL), where Al agents
learn optimal control strategies through continuous interaction with simulated environments, often implemented
through Digital Twins. The agent receives performance-based feedback and progressively improves its ability to
minimize energy consumption while maintaining indoor comfort.

The most mature Al applications in HVAC systems are predictive maintenance, dynamic optimization, and
indoor air quality (IAQ) control. Predictive maintenance shifts maintenance strategies from fixed scheduling
towards condition-based interventions. By continuously analysing sensor data such as vibration, temperature,
pressure, electrical consumption, and flow rates, Al systems can identify early indicators of component degrada-
tion. Typical fault modes include compressor bearing wear, refrigerant leakage, fan motor overheating, pump
failures, and variable frequency drive malfunctions. Early detection reduces downtime, lowers maintenance
costs, and improves equipment reliability.

Al-based dynamic optimization enables real-time adjustment of HVAC operating parameters, including tempera-
ture setpoints, airflow rates, chilled water temperatures, pump operation, and compressor scheduling. These deci-
sions are informed not only by current measurements but also by weather forecasts, occupancy conditions, elec-
tricity tariffs, renewable energy availability, and storage system status. Such predictive control strategies lead to
significant energy savings while preserving occupant comfort.
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Indoor Air Quality management represents another important area of Al implementation. Continuous monitoring
of CO: concentration, volatile organic compounds (VOCs), particulate matter, temperature, humidity, and occu-
pancy allows intelligent ventilation control that responds dynamically to actual demand. Al-driven systems opti-
mize outdoor air supply, avoiding both unnecessary ventilation energy consumption and inadequate indoor envi-
ronmental conditions. Advanced solutions also monitor filter performance and predict replacement needs based
on pressure-drop analysis.

The integration of AI with Digital Twin technology significantly expands HVAC capabilities. Al-powered Digi-
tal Twins combine Building Information Modelling (BIM), Building Energy Modelling (BEM), real-time sensor
data, and advanced analytics into virtual representations of physical assets and systems. These models support
predictive maintenance, scenario simulation, performance optimization, and operational decision-making.
Furthermore, generative Al can create synthetic datasets to enhance model training and improve predictive
accuracy when real operational data are limited.

The evolution of HVAC control systems can be described through several stages. HVAC 1.0 relied on manual
operation and reactive maintenance. HVAC 2.0 introduced programmable electronic controls. HVAC 3.0 enabled
digital automation through Building Automation Systems (BAS) using predefined control algorithms. Current
HVAC 4.0 systems integrate Al, IoT, and Digital Twins to provide predictive and adaptive control. A future
HVAC 5.0 paradigm is emerging, emphasizing human-centered collaboration, where Al acts as an intelligent
co-pilot supporting operators while improving resilience and adaptability under changing conditions.
Successful implementation of Al depends on robust loT infrastructures capable of collecting and transmitting
high-quality data. Modern sensor networks monitor thermal comfort, indoor environmental quality, occupancy,
energy use, and equipment performance. Wireless IoT technologies such as LoRaWAN and NB-IoT provide scal-
able solutions with long battery life and support for large-scale sensor deployment, making Al-enabled building
management increasingly practical.

Despite these opportunities, important challenges remain. Many Al models operate as "black boxes," providing
highly accurate predictions without transparent explanations of their internal decision-making processes. This
lack of explainability creates concerns regarding operator trust, troubleshooting, system validation, and legal
liability, particularly in critical facilities such as hospitals and other mission-critical buildings. Future research
should focus on explainable Al approaches that combine predictive power with transparent and auditable
decision processes.

In conclusion, Al is transforming HVAC systems from reactive and rule-based infrastructures into intelligent, predic-
tive, and adaptive ecosystems. Through predictive maintenance, dynamic optimization, advanced IAQ control, and
Digital Twin integration, Al offers substantial opportunities for improving building energy efficiency, reliability,
occupant comfort, and operational sustainability. Nevertheless, the successful deployment of these technologies will
require continued advancements in explainability, data quality, interoperability, and human-Al collaboration.
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Speech Title: Hydraulic Design Verification and Performance Optimization of HVAC Systems Using
Digital Twin Methodology:

A Case Study of a Water Loop Heat Pump System at BAU Campus, Istanbul

L Introduction

Hydronic HVAC systems are widely used in buildings of all scales, from small commercial facilities to large
campuses and high-rise developments. Regardless of system size or complexity, their performance fundamental-
ly depends on how water is distributed, controlled, and balanced within the piping network.

Traditional HVAC design has focused primarily on thermodynamic calculations and equipment selection, includ-
ing load determination, selection of chillers and heat pumps, and sizing of coils and pumps. While these aspects
define system capacity, they do not guarantee that the system will operate as intended once installed.

In practice, many systems fail to achieve expected performance due to deficiencies in hydraulic behavior. A
hydronic HVAC system is not only a thermal system but also a hydraulic network, where flow distribution,

differential pressure availability, and control interactions determine how effectively thermal energy is delivered.

Improper hydraulic design can lead to:

L. Unbalanced flow distribution
1. Insufficient differential pressure at control valves
III.  Excessive pumping energy consumption

Iv. Degradation of system temperature difference (AT)

These issues are primarily the result of unverified hydraulic assumptions during the design phase, rather than
incorrect equipment sizing.

Therefore, verification of hydraulic performance prior to installation is essential, particularly under part-load
conditions where HVAC systems operate most of the time. Without such verification, discrepancies between
design intent and actual operation often remain undetected until commissioning, when corrective actions become
costly and limited.

This study investigates the HVAC system of the Bahgegehir University (BAU) Besiktas South Campus in Istan-
bul, which utilizes a Water Loop Heat Pump (WLHP) system supported by seawater heat exchangers. The project
provides a representative case for examining the interaction between hydraulic design, control strategy, and
system performance.

A Hydraulic Digital Twin (HDT) is used to simulate and validate system behavior under both design and
part-load conditions. By enabling quantitative verification of flow distribution, pressure stability, and control
performance, the HDT transforms the design process from an assumption-based approach into a
performance-driven and verifiable methodology.

This study demonstrates that hydraulic performance is not an inherent outcome of design, but a condition that
must be explicitly defined, analyzed, and validated.
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2. Case Study: Coastal Campus System Description

2.1  Project Overview
The case study is based on a coastal university campus located along the Bosphorus in Istanbul, Tirkiye, com-
prising academic and administrative buildings with a total enclosed area of approximately 27,500 m?Z.

A significant portion of the occupied spaces is located below grade, resulting in continuous internal heat gains
and year-round cooling demand. Combined with diverse occupancy patterns, this creates simultaneous heating
and cooling requirements, making the campus well suited for a Water Loop Heat Pump (WLHP) system.

The installed source-side capacities are:

. Heat rejection capacity: 3,100 kW (seawater heat exchangers)

. Heat input capacity: 1,040 kW (boiler system)

These values represent the total energy exchange at the source side of the system.

The system operates within a loop temperature range of approximately 19-32°C, allowing the water loop to
function as a thermal energy buffer that supports load diversity and internal heat recovery.

2.2 System Architecture

The HVAC system is configured as a central water loop that functions both as a thermal energy buffer and a
hydraulic distribution network.

The overall hydronic configuration is illustrated in Figure 1, showing the main loop, secondary substations, and
source-side connections.

The system consists of a closed-loop piping network serving all buildings, incorporating a reverse return configu-
ration to promote hydraulic balance and uniform pressure distribution. A total of 10 secondary substations (LP)
is connected to the main loop, linking terminal systems to the central distribution network.

Hydraulic separation between the source and load sides is achieved through decoupling interfaces, allowing
independent operation of primary and secondary circuits. This arrangement improves operational flexibility and
prevents direct hydraulic interaction between source-side and distribution-side pumping systems.

Due to the diversity of building functions, the substations operate under simultaneous heating and cooling condi-
tions, enabling internal heat recovery within the loop. As a result, the system behaves as an energy exchange
network, redistributing thermal energy between zones with different load characteristics.

The hydraulic operating conditions of the substations under representative heating and cooling modes are sum-
marized in Tables 1 and 2, respectively. These results indicate that flow regimes vary across substations in
response to load conditions, while temperature differences are maintained within the expected operating range,
enabling simultaneous energy exchange between zones.

At the substation level, the system exhibits flow-driven behavior, in which the design flow rate is maintained
under normal operation, while the temperature difference (AT) adjusts according to the thermal load. Variations
in substation flow occur only when connected terminal units (e.g., VRF or WLHP units) are out of operation,
resulting in a reduction of active flow demand. This reflects the fundamental operating principle of hydronic
terminal systems, where load variation is primarily accommodated through changes in AT rather than flow rate.

At the system level, operation is governed by temperature-driven behavior, which determines the activation of
heating and cooling sources.

TTMD International HVAC&R Technologies Symposium 27



XVII TTMD

@TTMD INTERNATIONAL HVAC&R
,,,,,,,,,, TECHNOLOGIES SYMPOSIUM

ARTIFICIAL INTELLIGENCE IN BUILDINGS

Presenters Extended Summary

l l l =

--i " - "k' wifin . -

-47_'—__'._' ATBLMARY
' HEATING SOURCE
ﬁ - Lp-s l Km\fm,gﬂsﬂ:ﬁz
- -LP-8 LP-9 :
| S
= -L 28 | g [
o =
LP-7 - il - -
= g +" +F0 " -
Ll = ! _—
| il L
1 ;

BAU - HYDRONIC SYSTEM ARCHITECTURE

Figure 1- Hydronic System Architecture of the BAU Campus WLHP System

Pump Lome Input Heat ol
Sub-Stations |Flow Rate] """ | power | Absorption | '™t | aT(°c)
m'm) (S pewy | pem | T
[Kw] (*C)

LP1 52 59.66 3.05 56.61 26 0.9
LP2 64 165.93 B.49 157.44 26 «2.1
LP3 578 87.7% 4.49 83.3 26 -1,2
LP4 33 =125.00 26.04 =-151.04 26 4.0
LP5 34 123.81 6.33 117.48 26 -3.0
LPE 14 51.78 2.65 49.13 26 -3.0
LP7 22 150.00 7.67 142.33 286 -5.8
wpe 54 | 196.08 | 1003 186.06 26 3.0
LP9 26 94.55 4.84 89. M1 26 -3.0
LP10 26 100.75 5.15 85.6 26 -3.2
Total 382.8 905.36 78.74 877.66 -1.9

Table 1 — Hydraulic Performance of Substations under Heating Mode
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Pump cf:;l.u Input Heat Water
Sub-Stations |Flow Rate Power Rejection Inlet AT (°C)
(mom) | CPEY [ powy | kW) | Temp. (€]
[(Kw]

LP1 52 252.29 49.41 301.76 24 5.0
LP2 64 42494 83.13 507.71 24 69
LP3 57.8 370,98 72.66 44373 24 6.6
LP4 33 125 26.01 151.04 24 4.0
LPS 34 265 51.9 316.97 24 8.1
LPG 14 95.67 18.72 114.31 24 71
LP7 22 250 48.96 299,03 24 1.7
LP8 54 409.45 80.19 489.74 24 7.8
LP9 26 207.02 40.55 247.62 24 8.2
LP10 26 192.9 37.78 230.73 24 7.7
Total 382.8 | 259325 | s509.31 | 310264 7.0

Table 2 — Hydraulic Performance of Substations under Cooling Mode

2.3 Source Systems
The system employs a hybrid energy concept, combining internal heat recovery within the water loop with
external energy sources to ensure reliable and efficient operation under varying load conditions.

Heating Source:

The heating system consists of eight condensing boilers (8 x 125 kW). Heat is transferred to the main loop via
plate heat exchangers, providing hydraulic separation between the boiler circuit and the loop.
The boiler plant operates as a supplementary heat source, activated only when the loop temperature falls below
the defined lower limit. Under these conditions, heat is injected into the loop to maintain the target temperature
range and ensure stable operation of the connected heat pump units.

Cooling Source:

The cooling system is based on a seawater heat rejection system consisting of three plate heat exchangers, each
with a nominal capacity of approximately 1,550 kW. Under normal operation, two units provide a total heat
rejection capacity of approximately 3,100 kW, while the third unit is reserved for standby and future expansion.

2.4  Loop Control Strategy

The loop control strategy is based on two coordinated control layers:
I Temperature-based mode control and,
IL. Pressure-based hydraulic control.

In this approach, the water loop functions both as a thermal energy buffer and as a hydraulic distribution network,
ensuring stable and efficient operation under varying load conditions.
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Temperature-Based Mode Control:

The operating mode of the system is determined by the loop water temperature:

/i Economizing Mode (Dead-Band Operation):
When the loop temperature remains within the range of 23-26°C, neither the boiler nor the
seawater system is activated. Under these conditions, the system operates as a thermal balancing
network, where heat rejected by cooling-dominant zones is absorbed by heating-dominant zones.

1L Heating Mode:
When the loop temperature falls below 23°C, the boiler system is activated to supply heat to the loop.

III.  Cooling Mode:
When the loop temperature exceeds 26°C, excess heat is rejected through the seawater system.

The loop volume (~40 m®), supported by buffer tanks, provides thermal inertia, reducing short-term load
fluctuations and minimizing source cycling.

Pressure-Based Hydraulic Control:
Independently of the operating mode, the hydraulic behavior of the system is governed by a variable differen-
tial pressure (AP) control strategy.

The main loop pumps are equipped with variable speed drives (VSDs) and are controlled to maintain the
required differential pressure at the critical circuit, ensuring sufficient pressure at all substations.

Flow at each substation is regulated by pressure-independent control valves (PICVs). Under varying load
conditions, these valves modulate to adjust flow rates, while pump speed is reduced accordingly. This coordi-
nated response prevents over-pressurization and minimizes pumping energy consumption.

At the substation level, the system exhibits flow-driven behavior, where device performance depends on
maintaining the required flow rates. At the system level, operation is governed by temperature-driven behavior,
which determines the activation of energy sources.

A key aspect of the design is the behavior of the hydraulic decouplers, which operate under near-zero differential
pressure conditions when primary and secondary flow rates are balanced. Under these conditions, no flow passes
through the decoupler, ensuring effective hydraulic separation between circuits.

A hydraulic decoupler does not inherently guarantee separation; it only provides the physical condition for
separation. Effective separation is achieved only when primary and secondary flows are balanced.

3. Hydraulic Digital Twin (HDT) Modeling and Verification

3.1 Hydraulic Model Development

To verify the hydraulic performance of the system prior to implementation, a Hydraulic Digital Twin (HDT)
model was developed. The model represents the complete hydronic network, including the main loop, secondary
substations, control valves, pumps, and source-side components, enabling a consistent evaluation of system
behavior under varying operating conditions.

The hydraulic model developed in the simulation environment is illustrated in Figure 2.
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Figure 2- Hydraulic Model Representation Developed in Pipe-Flo

The model was constructed based on design data extracted from the BIM environment. Key parameters, includ-
ing pipe lengths, diameters, fittings, and design flow rates, were transferred directly into the hydraulic simulation
platform to ensure consistency between the digital model and the physical system.

All system components were defined with their corresponding hydraulic characteristics. Pipe networks were
modeled with distributed pressure losses, while substations were represented with their respective design flow
requirements. Pressure-independent control valves (PICVs) were implemented to reflect flow-regulating behav-
ior, and pump performance curves were incorporated to represent realistic operating conditions.

The model also includes the representation of hydraulic decoupling interfaces between primary and secondary
circuits, allowing the interaction between these circuits to be evaluated under different operating conditions.

This modeling approach ensures that the HDT provides an accurate and physically consistent representation of
the system, forming the basis for the hydraulic performance verification presented in the following sections.

3.2  Simulation Scenarios

The Hydraulic Digital Twin (HDT) model was used to evaluate system behavior under both design and part-load
conditions. Since hydronic HVAC systems operate predominantly under partial load, the analysis emphasizes
performance under reduced load scenarios representative of actual operation.

The following load conditions were considered:
. 100% (design condition)

. 50% load
. 25% load
. 12.5% load
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For each scenario, system flow rates were adjusted proportionally to reflect the corresponding load level, while
the control strategy—based on variable differential pressure (AP) pump control and pressure-independent
control valve (PICV) modulation—was maintained.

The simulations were conducted under steady-state conditions to assess hydraulic performance. The evaluation
focuses on key parameters governing system behavior, including:

. Differential pressure distribution across the network
. Flow distribution among substations

. Control valve operating conditions

. Pump operating points

This approach enables a consistent assessment of system response under varying load conditions, izolatin the
impact of hydraulic control and system configuration on overall performance.

The simulation framework provides the basis for the hydraulic performance verification presented in Section

3.3  Hydraulic Performance Verification

The objective of the Hydraulic Digital Twin (HDT) analysis is to verify that the system operates in accordance
with its design intent under all operating conditions. In variable flow hydronic systems, hydraulic performance
is governed by the interaction between pressure, flow, and control elements, rather than by individual
components alone.

The following verification steps are interdependent and collectively define the hydraulic behavior of the system:

I Identification of the critical circuit to define the control reference point

I1. Verification of sufficient differential pressure at control valves

IM1. Evaluation of pump operating points

IV.  Assessment of flow distribution

V. Verification of decoupler behavior
This structured approach ensures that the system is evaluated from the most critical hydraulic condition toward
overall system performance, establishing a complete and verifiable framework.

3.3.1 Identification of The Critical Circuit and Definition of The Control Reference Point

The identification of the critical hydraulic circuit is a fundamental step in establishing a reliable differential pressure
(AP) control strategy for the system. The critical circuit represents the most hydraulically demanding flow path in
the network and therefore defines the minimum pressure requirement that must be maintained by the main
loop pumps.

Using the Hydraulic Digital Twin (HDT) model developed in Pipe-FLO, all substation circuits were analyzed under
design operating conditions to determine the total pressure loss from the pump discharge to the most remote control
point. Among the evaluated circuits, substation LP-9 was identified as the critical circuit, exhibiting the highest
cumulative pressure drop.
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Figure 3-l1dentification of the Critical Circuit (LP-9)

The total pressures at the selected reference nodes along this circuit were determined as:

. PNodell (upstream): 442.7 kPa
. PNodel4 (downstream): 403.6 kPa

Accordingly, the differential pressure across the critical circuit is calculated as:
AP _critical=442.7-403.6=39.1" kPa
The minimum required differential pressure across the control valve PICV-ZCV-9 is 30 kPa, which represents the

threshold necessary to ensure proper valve operation and flow regulation. The calculated AP of 39.1 kPa confirms that
the critical circuit operates above this minimum requirement, thereby maintaining sufficient control authority.

_s-;::ﬂ :;:: Valve Dia| DesignFlowRate |  Min.DettaP Valve position
LP-9 | PICV-2CV-9]| 65mm 26 m'/h 30 kPa 94.09 %
LP-§ | PICV-ZCV-8| 100 mm 54 m’fh .77 kPa 79.71 &
LP-2 | PICV-2CV-2| 100 mm 64 m’fh 38.46 kPa 82.84 %
LP-10 JPICV-ZCV-10] 65mm 26 m’lh 3873 kPa 71.2 %
LP-1 | PICV-2CV-1]| 80 mm 52 m'fh 39.02 kPa 83.29 %
LP-4 | PICV-ZCV-4| 80 mm 33 m'fh 39.53 kPa 69.52 k)
LP-3 | PICV-2CV-3| 100mm | 57.8 m'fh 39.82 kPa 79.84 %
LP-5 | PICV-2CV-5] 80 mm M m’th 40.39 kPa 70.02 %
LP-7 | PICV-2CV-7| 65mm 22 m'fh 42.08 kPa 8171 %

| LP-6 | PICV-ZCV-6] 50mm 14 m'fh 42.38 kPa 72.57 B

Table 3 — Hydraulic Performance of Zone Control Valves as per min set pressure of 30 kPa @ LP-9
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To ensure stable operation under varying load conditions and to provide a safety margin, the differential pres-
sure setpoint for the main loop pumps is defined as:
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Figure 4 Identification of the Critical Circuit (LP-9) and AP Set Value between the Control Nodes

The main loop pumps are equipped with variable speed drives (VSDs) and are controlled based on the
differential pressure measured between PNodell and PNodel4, corresponding to the critical circuit.

As shown in Figure 4, this control strategy ensures that the most hydraulically demanding circuit governs the
system operation.

These results confirm that the identification of the critical circuit and the corresponding AP setpoint are not based
on assumptions, but on validated hydraulic analysis, ensuring that the system is controlled according to the most
demanding operating condition.

3.3.2 Verification Of Sufficient Differential Pressure at All Control Valves Under Varying Loads

The Hydraulic Digital Twin (HDT) was used to evaluate control valve performance under 100%, 75%, 50%, 25% and
12.5% load conditions (Table 5,6, and 7). The results show that the differential pressure across all PICVs
remains nearly constant at approximately 45 kPa, with minimal variation.

As flow demand decreases, valve positions modulate accordingly without reaching extreme limits, indicating that all
valves operate within their effective control range. This confirms that the applied variable AP control strategy
maintains a stable pressure regime while allowing independent flow regulation at each substation.

In contrast, without proper AP control, part-load operation would lead to pressure imbalance and unstable valve
behavior.
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Valve |\ oive Dia | 100% Flow Rate DettaP  |Vatve position| 75% Flow Rate DeltaP  [Valve position
Station Name

P9 | Picv.zcva| 65 mm % mih | 3506 | kPa | 8923 | % | 195 | m¥h | %068 | wa | B2 | %
g | picv-Zeve| 100mm | 54 mh | 4063 | kPa | 7795 | % | 405 | m'n | 4248 | wPa | 7218 | %
-2 | Picv-Zev-2| 100 mm 7] miyh | 4434 | WPa | 6101 | % | 48 m/h | 4453 | wPa | 7474 | % |
LP-10 |PICV-ZCV-10] 65 mm % mh | 455 | kPa | 6782 | % | 195 | m'm | 4495 | wPa | 5442 | %
-1 | picv-zev-1]| 80 mm 52 mh | 491 | kPa 78 | %] % mm | 4487 | wa | 7191 | %
P-4 | Picv-zecv4| somm 3 mih | 4541 | WPa | 6773 | % | 2475 | mih | 4515 | kPa 616 | %
LP-3 | Picv-zcv3]| 100mm | 578 | m¥h | 4569 | kPa | 7825 | % ] 4335 | m'm | #4532 | kPa | 7281 | %
-5 | Picv-zev-s| somm £ mh | 4626 | kPa | 6823 | % | 255 | m'h | 4573 | wPa | 6203 | %
LP7 | Picv-zev-7| 85 mm 2 mih | 479 | kPa | 7997 | % | 165 | m'm | 4672 | wPa | 7358 | %
LP-6 | Picv-zcv6]| 50 mm 14 m'/h | 48.25 kPa 71.27 | % | 105 mim | 4687 | wPa | 6512 | %

Table 4— Hydraulic Performance of Zone Control Valves under Variable Differential Pressure (AP) Control Using VSD
Pumps at Part-Load Conditions (100% and 75%)

loop | Valve |, e Dia| 50%FlowRate DetaP | Valve position| 25% Flow Rate DeitaP | Valve position
Station | Name
w9 | rPicv-zeve| 65mm 13 m/h | 425 kPa w7 | %] 65 m'h | 4431 | kra | 5597 | %
-8 | picv-zev8| 100 mm 27 mih | 4383 | Pa | 6294 | % | 135 | m'm | aa69 | wa | 4327 | %
P2 | Picv-Zcv-2| 100 mm 32 mih | 4473 | WkPa | 6691 | % 16 m'/h_| 4491 kPa 4823 | %
|_LP-10_[PICV-ZCV-10] 65 mm 13 | m¥h | 4487 | kPa | 3753 | % | 65 | m'h | 4495 | kPa | 1964 | %
LP-1_| PICV-20V-1| 80 mm % | mUn | 4489 | Wha | 625 | % | 13 mih | 449 | kpa | 4848 | %
P4 |Picv-zcv4| Bomm | 168 sh | 4502 | kPa | 5316 | % | 825 | m'm | 4499 | kPa | 3694 | %
tp-3 [picv2cv3] 100mm | 269 | mh | 451 | kPa | 6422 | S| 1445 | m'h | 4501 | wkPa | 4509 | %
s | Picvzevs| somm | 17 myh | 4534 | WPa | 5364 | % | 85 m'h_| 451 kwa | 37272 | %
LP-7 | Picv-Zev-7] 65 mm 11 mh_| 4561 kPa 6652 | % 55 m'h | 4523 kPa 5L13 | %
LP-§ | Picv-zcve| 50 mm 7 mvh | 4586 | ks | 5653 | % | 35 mh | 4524 | kra 379 | %

Table 5- Hydraulic Performance of Zone Control Valves under Variable Differential Pressure (AP) Control Using VSD
Pumps at Part-Load Conditions (50% and 25%)

Loop | Valve | e Dia | 12/5% Flow Rate Delta P
Station Name

LP-9 | PiCV-ZCV-9| 65mm 3.25 m’/h 448 kPa 35.68
P8 | Picv-2cv8] 100mm | 675 m'th | 4491 kPa 24.46
-2 | Picv-zev-2| 100 mm [ mih | 44.96 kPa 28.74
L1 | Picv-Zev-i| 80 mm 6.5 mvh | 4498 KPa 3114
LP-10 |PICV-2CV-10] 65 mm 3.25 mrh | 44.98 KPa 9.934
P23 |picvzeva| 10mm [ 7225 | m'm [ 4499 kPa 26.07
LP4 | PICV-ZCV-4| 80 mm 4.125 m'/h 4499 kPa 20.09
LP-5 | PICV-ZCV-5] BOmm 4.25 m'th 45.03 kPa 20.68
LP-7

LP-§

:
;

Picv-Zcv-7] 65 mm 275 m'/h 45.06 kPa 30.85
PiCV-ZCVv-6| S0mm 1.7% m/h 45.06 kPa 17.09

R|2|R|R || R |R|£|£2|#

Table 6 — Hydraulic Performance of Zone Control Valves under Variable Differential Pressure (AP) Control Using VSD
Pumps at Part-Load Conditions (12.5%)

These findings validate the accuracy of the hydraulic design model, confirming that the system operates within
the predicted control envelope and that valve performance remains stable under varying load conditions.
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3.3.3 Evaluation of pump operating points

The evaluation of pump operating points is essential to ensure that the pumping system operates within its
efficient and stable performance envelope under varying load conditions. In variable flow hydronic systems,
improper pump operation may result in over-pressurization, flow imbalance, excessive energy consumption, or
unstable hydraulic behavior.

The main loop pumps are equipped with variable speed drives (VSDs) and operate under a variable differential
pressure (AP) control strategy, whereby pump speed is continuously adjusted in response to system demand. The
pump performance was analyzed using the Hydraulic Digital Twin (HDT), and the corresponding operating
points were plotted on the manufacturer’s pump performance curves, as shown in Figure 5 and Figure 6.
Under design conditions, the pump operates close to its Best Efficiency Point (BEP), confirming that the pump
selection i1s well matched with the system requirements. As the system load decreases, the operating points shift
toward lower flow rates and reduced head values, following the system curve. This behavior indicates that the
pump remains within its optimal performance region and avoids operation in inefficient or unstable zones.

At low-load conditions, the operating point approaches the minimum allowable flow limit, which defines the
lower boundary of stable pump operation. Operation below this limit may result in internal recirculation,
increased vibration, and loss of hydraulic stability. The analysis confirms that the system maintains operation
above this minimum flow threshold under all evaluated scenarios.

This adaptive pump response ensures that the required differential pressure is maintained at the critical circuit
while preventing over-pressurization in near branches. Consequently, stable control valve operation is preserved
and unnecessary energy consumption is minimized.

In contrast, under constant AP control, the pump would maintain higher pressure levels regardless of load
reduction, leading to excessive valve throttling and operation outside the optimal efficiency range.
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Figure 5—- Main Loop Pump Operating Point @ 100% Flow
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Figure 6 — Main Loop Pump Operating Point (@ Min Flow Control Scenario

These findings confirm that the pump operates within its defined performance envelope and that the hydraulic model
accurately predicts pump behavior, ensuring efficient, stable, and safe operation under varying load conditions.

3.3.4 Assessment of Flow Distribution to Prevent imbalance, Overflow, Or Starvation

The flow distribution within the system is directly governed by the differential pressure conditions established in Section
3.3.2. Stable differential pressure across the control valves ensures that each valve can operate with sufficient authority,
thereby enabling accurate and independent flow regulation at each substation.

Using the Hydraulic Digital Twin (HDT), the flow rates at each substation were evaluated under both design and
part-load conditions. The results, summarized in Tables 4,5 and 6, indicate that flow distribution remains consistent with
expected values across all operating scenarios.

The analysis confirms that no substation experiences excessive flow (overflow) or insufficient flow (starvation).
As system load decreases, flow rates are reduced proportionally while maintaining balanced distribution across the
network. This behavior demonstrates that the combination of stable AP control, PICV-based flow regulation, and reverse
return piping configuration effectively ensures hydraulic balance.

The results further indicate that pressure losses are properly coordinated throughout the system, allowing uniform flow
delivery even under reduced load conditions. This confirms that the hydraulic design avoids concentration of flow in
low-resistance branches and ensures adequate supply to remote circuits.

In contrast, without stable differential pressure control, accurate flow distribution cannot be achieved. Under such

conditions, part-load operation would typically result in over-pressurization of near branches and insufficient flow in
remote zones, leading to hydraulic imbalance and degraded system performance.
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These findings confirm that the hydraulic model accurately predicts flow distribution as a direct outcome of stable valve
operation and differential pressure control, ensuring that all substations operate within the intended flow range without
imbalance, overflow, or starvation under varying load conditions.

3.3.5 Verification of Decoupler Behavior To Avoid Unintended Mixing Between Circuits

The hydraulic decoupler is implemented to achieve hydraulic separation between the primary (source) and secondary
(distribution) circuits by minimizing pressure interaction between the two loops. In ideal operation, the decoupler should
exhibitnegligible differential pressure and near-zero flow, indicating that primary and secondary flow rates are balanced.
The behavior of the decoupler was evaluated using the Hydraulic Digital Twin (HDT) by monitoring both the
differential pressure (AP _dec) across the decoupler and the flow rate (Q_dec) through the decoupler under design and
part-load conditions.

The results show that:

o The differential pressure across the decoupler remains approximately AP_dec = 0 kPa

° The flow through the decoupleris Q dec= 0 m*h

These values confirm that the decoupler operates as a hydraulically neutral interface, with no measurable driving force
for flow exchange between the primary and secondary circuits.

This condition is achieved when:
Q primary=Q secondary

indicating that the total flow supplied by the primary circuit matches the demand of the secondary circuits. Under this
condition, no bypass or recirculation occurs through the decoupler.

The HDT analysis further confirms that this balance is maintained across varying load conditions. As demonstrated in
Sections 3.3.2 through 3.3.4, stable differential pressure control, proper valve modulation, and balanced flow
distribution  ensure  that primary and secondary flow rates always remain coordinated.

In contrast, any mismatch between primary and secondary flow rates would result in non-zero flow through the
decoupler:

- IfQ primary>Q secondary: excess flow bypasses from supply to return
. IfQ primary<Q secondary: return water is drawn into the supply
Both conditions lead to mixing between supply and return streams, causing:

. Reduction of effective temperature difference (AT)
. Degradation of system energy efficiency
. Loss of thermal control accuracy

Therefore, the decoupler does not actively enforce separation; rather, it passively reflects the hydraulic balance of the
system.

The HDT results confirm that the decoupler operates under near-zero flow and pressure conditions, validating that the
system achieves true hydraulic separation and that the interaction between primary and secondary circuits is accurately
predicted by the hydraulic model.
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3.4 Design Validation Qutcomes

The simulation results demonstrate that the system operates within the defined hydraulic limits and maintains stable
performance under all evaluated conditions.

The key validated outcomes are summarized as follows:

= All terminal units receive the required design flow rates under both design and part-load conditions

= Control valves operate within their required differential pressure range, ensuring stable and pres
sure-independent flow control

= Pump operation remains within the efficient operating region of the performance curve, including
part-load conditions

= System temperature difference (AT) is preserved through proper flow regulation

»  Hydraulic uncertainties are eliminated through pre-construction verification using the Hydraulic
Digital Twin (HDT) model

These results confirm that the hydraulic design is not only theoretically adequate but has been quantitatively validated
to ensure stable, efficient, and reliable system operation prior to implementation.

3.5 Role of HDT in Design Process
The use of a Hydraulic Digital Twin (HDT) transforms the design process into a verifiable and performance-driven
methodology.

By validating system behavior prior to installation, the HDT enables:

. Reduction of commissioning risks

. Verification of design assumptions

. Alignment of equipment selection with actual operating conditions
. Avoidance of costly post-installation modifications

The HDT approach shifts HVAC design from a predictive process based on assumptions to a validated process based
on measurable system behavior.

4. Conclusions

From a design perspective, this study supports a shift toward a performance-based and verifiable approach, where
hydraulic behavior is explicitly defined and validated rather than assumed. This approach reduces commissioning risks,
minimizes the need for corrective actions, and ensures that the installed system performs in alignment with the original
design intent.

Finally, while accurate design and verification are critical, the successful realization of system performance also depends

on proper installation and workmanship. Adherence to the verified hydraulic design—particularly in piping implemen-
tation and equipment connections—is essential to fully achieve the intended operational efficiency.
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Abstract:

Artificial intelligence (Al) is swiftly permeating all aspects of life and the building services industry is no
exception. This keynote argued that we engineers cannot afford to let Al happen to us while we watch it
transform our world from the sidelines. As professionals with a commitment to designing and delivering for
public good, we must engage with Al now, not next month, not tomorrow, but now. We also must do so both
meaningfully by embracing emerging and yet-to-be-imagined opportunities Al offers, and responsibly by
confronting its risks head-on rather than wishing them away. Drawing on recent data from acquisitions in our
industry to signs of shifting hiring patterns for early-career professionals, the talk traced how Al is positioned to
reshape our field, and how this may affect us all for the better, or possibly for the worse if we do not actively
engage to shape it, now.

Building on that strand, the second part of the talk pivoted to discussing Al’s possible impact on employment by
challenging two opposing anxieties that Al is either incapable of doing an engineer's job or destined to replace it
altogether. Both contain grains of truth. Today generative Al struggles with liability, context, and the kind of
judgment that comes from years of internalized experience. But it is also improving fast, and some Al tools
already outperform many humans in narrowly defined tasks. Yet the future remains ours to shape. Rather than a
threat to be resisted, Al may well be part of the solution for the long-standing global productivity gap in the built
environment sector. This in turn, the talk concluded, may offer us a runway to adopt Al deliberately and on our
own terms, while empowering the next generation of Al-native engineers who will learn to work alongside these
tools, and offer the rest of us many more new things to learn.
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SUMMARY

Natural ventilation remains the dominant strategy in residential buildings despite the increasing adoption of
mechanical and hybrid ventilation systems. Because its performance is strongly affected by facade opening
configuration and external wind conditions, reliable evaluation during the design stage is essential. This study
presents a computational framework for analyzing and optimizing floor-wise natural ventilation performance in
a multi-storey residential building under realistic atmospheric boundary layer (ABL) conditions.

A full-scale benchmark building was analyzed using computational fluid dynamics (CEFD). Inlet boundary con-
ditions were reconstructed from validated wind tunnel data to represent ABL velocity and turbulence profiles
realistically. The numerical model was first verified through empty-tunnel simulations, showing good agree-
ment with the reference data and confirming preservation of the target ABL characteristics within the compu-
tational domain.

The influence of opening configuration was investigated using a Latin Hypercube Sampling (LHS)-based design
of experiments with 45 cases. The resulting CFD dataset was used to construct Kriging-based response surfaces
for each floor, enabling efficient exploration of the design space and identification of favorable configurations.

The results showed a clear non-linear relationship between opening configuration and floor-wise volume flow
rate. The first floor was the most sensitive to opening configuration, while the upper floors showed compara-
tively smaller variations. Relative to the minimum observed values, the response-surface-based optimum config-
uration improved the volume flow rate by 42%, 25%, 18%, and 25% on the first to fourth floors, respectively.

INTRODUCTION

Despite the well-documented advantages of mechanical and hybrid ventilation systems, and the increasing en-
couragement of their adoption in building codes and standards, natural ventilation remains the predominant
strategy in residential buildings. In many European countries, the majority of residential buildings rely on nat-
ural ventilation, and reducing the level of pollution is usually achieved simply by opening windows [1, 2]. Field
studies indicate that the penetration of mechanical ventilation systems is still limited. A recent survey conducted
in Germany involving 952 participants revealed that ventilation practices are largely influenced by situational,
habitual, and goal-directed factors [3].

Although occupants generally recognize the benefits of mechanical ventilation systems, a significant majority of
them -approximately 90%- still express a strong preference for maintaining control over window operation [3].
This persistent occupant behaviour highlights the continued reliance on, and importance of, natural ventilation
in residential environments.

The relevance of natural ventilation and continuing practices/habits does not directly yield high energy con-
sumption or inefficiencies. Tong et al. investigated the potential of natural ventilation on energy efficiency
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and predicted that cooling energy requirements could be reduced by 8% to 78% through natural ventilation,
depending on local climate and air quality [4]. Wang et al. analyzed the effects of different window usage strate-
gies on building performance. The strategies were classified as: “open window model,” where windows and me-
chanical ventilation systems are continuously open, “natural ventilation model,” where only natural ventilation
is applied, “change model,” where natural and mechanical ventilation are activated according to indoor condi-
tions, and “hybrid operating model,” where these two methods are used simultaneously. According to the study
results, keeping windows continuously open adds an additional load of 3.5% to 15.2% to ventilation energy
consumption, while heating load can be reduced by 17% to 46.5% when natural and mechanical ventilation
operate simultaneously [5]. Findings presented show that using natural ventilation strategies as a complemen-
tary element to mechanical systems can have positive effects on system efficiency.

Natural ventilation is unpredictable and unstable; thus, its design requires an understanding of the surrounding
environment’s characteristics [6]. Building facade elements, opening sizes, and their locations directly influence
natural ventilation performance [7-10]. Apart from these building characteristics, environmental parameters
such as wind velocity, direction, outdoor air quality, and temperature also influence indoor air quality and oc-
cupant comfort.

This study mainly investigates wind characteristics and building opening configurations to optimize natural
ventilation performance through computational fluid dynamics (CFD) simulations. CFD provides a powerful
tool for assessing airflow patterns and ventilation effectiveness for different cases. Reliable CFD-based natural
ventilation optimization requires a realistic representation of atmospheric boundary layer (ABL) conditions,
including velocity and turbulence quantities, which govern the wind-driven flow field around buildings [11].
Oversimplified or inaccurate boundary conditions may lead to misleading predictions of natural ventilation
performance.

With emphasis placed on atmospheric boundary layer parameters, this study aims to optimize the opening lay-
out of a multi-storey residential building model using response surface methodology. The proposed framework
aims to provide a reusable methodology for improving natural ventilation in residential buildings. This study
presents a workflow that integrates a validated ABL-consistent CFD framework with response surface modeling
for the optimization of natural ventilation performance.

METHODOLOGY

The building model considered in this study is based on a benchmark configuration used by Karava et al. [8]
and Ramponi et al. [10]. The building model has dimensions of 20 m x 20 m x 16 m (W x L x H). Karava et
al. investigated a 1:200 scaled model in a wind tunnel using the Particle Image Velocimetry (PIV) method to
assess different operable fagade elements. Obtained experimental data, further used for the validation of CFD
simulations by Ramponi et al.

In this study, a full-scale representation of the building model is adopted to directly evaluate ventilation perfor-
mance without any geometric scaling. The inside domain of the building model is separated into 4 equal parts,
representing each floor. Each floor is 3.5 m high, and the building walls have a thickness of 0.4 m. Each floor
has equally sized 4.6 m x 1.8 m inlet and outlet openings, located at the horizontal center plane of opposite
fagade walls.

The building model is placed within a 148 m x 228 m x 100 m (W x L x H) computational domain. To match
the velocity and turbulence quantities presented in reference studies, the building model was placed 48 m
downstream of the inlet boundary. The domain size is selected to minimize blockage effects. Figure 1 shows the
building model and computational domain dimensions.
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Figure 1. Computational Model and Dimensions

Atmospheric Boundary Layer Modelling and Model Validation

Inlet boundary conditions were defined based on measured mean wind velocity and turbulent intensity profiles,
provided by Karava et al. [7]. The wind velocity profile follows the logarithmic law for neutral atmospheric
conditions given in Eq. (1), where #. is the friction velocity, K is the von Kdrmdn constant (0.42), and z, is the
aerodynamic roughness length (0.05 m). The turbulent kinetic energy (k) is defined to be consistent with the
reference study ABLs turbulent intensity profiles using Eq. (2), /, () is streamwise turbulent intensity and « is a
constant with a value of 1.0 as recommended by Tominaga et al. (Tominaga et al., 2008). Turbulent dissipation
rate (€) is calculated by Eq. (3) and specific dissipation rate (w) by Eq. (4). C, is a model constant which has a
value of 0.09. These formulations ensure consistency between the velocity and turbulence quantities within the
computational domain.

U@ = (2 (1)
k(z) = a(l,(2)U(2))* (2)
= "(;';320) 3)
o) =g (4)

The inlet profiles are implemented using user-defined functions to ensure continuous variation with height.
Turbulent kinetic energy () profile reconstructed from reference case, velocity, and specific dissipation rate (w)
profiles are defined by equations 1 and 4. Surface roughness effects are incorporated through equivalent sand-
grain roughness (roughness constant, C=0.874 and sand-grain roughness height, £=0.056 m) parameters at
the ground boundary according to the guidelines derived by Blocken et al. [11]. Building surfaces are treated as
smooth walls with zero sand-grain roughness height.

An empty tunnel was simulated with defined ABL profiles to validate the computational domain. Figure 2
shows velocity, # and € profiles of reconstructed reference cases for representing the full-scale model (Figure
2a), and the computational domain investigated in this study (Figure 2b). At the inlet, the investigated profiles
showed good agreement with the reference data with a coefficient of determination (R?) = 0.99, while at the
building position, the minimum coefficient of determination was calculated (R?) = 0.96.
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Figure 2. Velocity (U), turbulent kinetic energy (k), and turbulent dissipation rate (¢) profiles at the inlet (0 m)
and building position (48 m). a) Reference case reconstructed for full scale, b) Empty tunnel simulation of the
computational domain investigated in this study.

The SST k- turbulence model was employed to simulate the flow field, as it provides reliable predictions for
flows involving separation and external aerodynamics. The computational mesh consisted of approximately
2.16 million cells, with refinement applied near the building, on the ground surface, and in opening regions.
The computational domain mesh incorporating the building model is shown in Figure 3.

Figure 3. Computational Domain Mesh

Design of Experiments and Response Surface Methodology

The influence of opening configurations is investigated using a Latin Hypercube Sampling—based design with
45 samples. The horizontal positions of openings on each floor are treated as design variables; each variable
ranges from 1 m to 14.4 m, to vary the opening positions along the fagade surfaces, while their dimensions are
kept constant.

Each sample was evaluated using CFD simulations, and the resulting data were used to construct a Kriging
surrogate model. The response surface enables efficient exploration of the design space and identification of
configurations that improve ventilation performance, while acknowledging limitations in capturing highly non-
linear interactions.
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RESULTS AND DISCUSSION

The response surfaces for each floor are presented in Figure 4. Each surface was generated by varying the open-
ing position of the corresponding floor horizontally while keeping the opening positions on the other floors
fixed at their mid-range values. Accordingly, the presented surfaces should be interpreted as conditional floor-
wise responses. The results indicate that the ventilation performance on each floor is still affected by the overall
opening configuration of the building. In all cases, the response exhibited a distinctly non-linear dependence
on the windward and leeward opening positions, indicating that ventilation performance cannot be described
by a simple monotonic relationship.
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Figure 4. Response surfaces for each floor, a) first, b) second, c) third, d) fourth floors

The first floor showed the widest response range, whereas the upper floors exhibited comparatively smaller var-
iations. Across the investigated cases, the volume flow rate ranged from 19.38 to 29.39 m?®/s on the first floor,
26.20 to 34.03 m?/s on the second floor, 29.87 to 38.36 m?/s on the third floor, and 28.16 to 35.27 m?/s on
the fourth floor. These ranges correspond to floor-wise variations of 52%, 30%, 28%, and 25%, respectively,
indicating that the first floor was the most sensitive to opening configuration.

The response-surface-based optimum configuration also provided a marked improvement over the low-per-
formance regions of the design space. Relative to the minimum observed volume flow rate on each floor, the
selected configuration increased the volume flow rate by 42%, 25%, 18%, and 25% for the first to fourth floors,
respectively. Since these minimum values were obtained independently for each floor, they do not correspond
to a single common design point. Nevertheless, the results demonstrate that the selected configuration shifted
the solution toward a high-performance region of the design space.

Additional simulations were also conducted using a uniform inlet velocity profile, which produced higher pre-
dicted volume flow rates, particularly in the lower half of the building. Although only a limited number of such
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cases were evaluated, the results consistently indicated an overprediction tendency. This suggests that adopting
a uniform inlet profile may lead to an unrealistically favorable prediction of ventilation performance in the
present study.

Although the study examined the effect of opening configuration on volume flow rate in detail, the internal
airflow structure within each floor was not investigated explicitly. Therefore, the findings mainly reflect the
quantitative aspect of ventilation performance. For a more comprehensive assessment, ventilation effectiveness
indicators such as airflow pattern, age of air, and air change efficiency should also be considered, as these param-
eters provide additional information on ventilation effectiveness within the occupied space.

CONCLUSION

This study investigated the effect of fagade opening configuration on floor-wise volume flow rates in a mul-
ti-storey naturally ventilated building using response surface analysis. The results showed that ventilation per-
formance was strongly dependent on the opening arrangement and exhibited a clearly non-linear response on all
floors. Among the investigated cases, the first floor showed the highest sensitivity to opening configuration, with
a variation of 52% between the minimum and maximum observed values, whereas the upper floors exhibited
narrower but still significant ranges. The response-surface-based optimum configuration yielded improvements
of 42%, 25%, 18%, and 25% relative to the minimum observed values on the first to fourth floors, respectively,
demonstrating the usefulness of the approach for identifying favorable design regions.

The findings also showed that the response of each floor depended not only on its local opening position but
also on the overall opening configuration of the building. In addition, simulations performed with a uniform
inlet velocity profile produced higher volume flow rates, particularly in the lower part of the building, indicating
that this assumption may lead to unrealistically favorable ventilation predictions.

Although the present study examined volume flow rates in detail, it did not explicitly assess the internal airflow
distribution within each floor. Therefore, the results should be interpreted primarily in terms of ventilation

quantity. For a more comprehensive evaluation of natural ventilation performance, future work should also
consider ventilation effectiveness indicators such as airflow pattern, age of air, and air change efficiency.
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SUMMARY

In this study, the initial regenerative heat transfer performance of a Gyroid structure—one of the triply periodic
minimal surfaces (TPMS)—is numerically investigated for a single charging and discharging cycle. The Gyroid
geometry is selected because of its continuous surface topology, high surface-area-to-volume ratio, and struc-
tural uniformity, which make it a promising candidate for compact and efficient heat exchanger applications.
A constant porosity value of 0.6 is considered throughout the simulations to isolate the influence of geometric
characteristics based on previous studies. Aluminium is selected as the heat exchanger material due to its high
thermal conductivity, allowing direct comparison with previously reported studies. The analysis is performed
under transient conditions to evaluate the immediate dynamic thermal response of the structure during the
first regenerative operation. For the hot cycle, the inlet fluid temperature and the initial temperature of the heat
exchanger are assumed as 298.15 K and 278.15 K, respectively. For the cold cycle, the inlet fluid temperature
is specified as 263.15 K. These boundary conditions represent a typical regenerative heat exchange process in
which the solid alternately stores and releases thermal energy. The numerical investigation aims to characterize
the time-dependent temperature distribution, instantaneous heat storage capacity, and the start-up thermal
performance under the defined operating conditions.

INTRODUCTION

In recent years, the integration of triply periodic minimal surface (TPMS) geometries into the architecture of
heat exchangers has attracted substantial interest, primarily due to their exceptional surface area-to-volume
ratios, uninterrupted flow conduits, and elegant curvatures. These structural attributes facilitate superior ther-
mo-hydraulic capabilities when contrasted with traditional compact heat exchanger configurations. Particularly
in decentralized environments characterized by severe spatial constraints, the high degree of compactness inher-
ent in TPMS frameworks presents a revolutionary opportunity for downscaled thermal management. As a re-
sult, TPMS-based thermal devices have been extensively explored across a diverse range of fields, from compact
energy recovery systems to high-performance electronic cooling solutions.

The bulk of existing literature is centred on the numerical characterization of TPMS topologies, where observed
performance gains are typically credited to intensified convective heat transfer mechanisms. These include local
flow acceleration, the continuous stripping of thermal boundary layers, and the development of intricate vortex
structures within the complex geometric matrix. To mitigate the computational overhead while upholding the
fidelity of the architecture, researchers frequently employ a porous media modeling strategy. This approach
facilitates macro-scale simulations while effectively capturing the fundamental fluid flow and heat exchange
characteristics. Within this context, Geng and Karadeniz (2024) investigated a gyroid-type TPMS structure
under low Reynolds number regimes, concluding that thermal efficacy is profoundly influenced by both the
thermophysical properties of the material and the prevailing flow dynamics.
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Further investigations have delved into the impact of topological diversity and geometric modification. Beer
and Rybdr (2024) conducted a comparative analysis of various gyroid-based layouts, demonstrating that
specialized TPMS variants can augment heat transfer rates while maintaining hydraulic resistance at manage-
able levels. In a similar vein, Yanagihara et al. (2025) utilized a Darcy—Forchheimer-informed porous media
model to report efficiency improvements of approximately 28% through rigorous structural optimization.
Furthermore, Ohtani et al. (2025) highlighted the potential of functionally graded designs, showing that
non-uniform wall thickness distributions in gyroid structures can significantly enhance the overall perfor-
mance evaluation criterion (PEC).

Despite these clear benefits, the implementation of TPMS geometries is often hampered by substantial pres-
sure drop penalties. Comparative assessments, such as those by Raza (2025), indicate that while TPMS-based
exchangers can outperform conventional fin-and-tube systems in terms of heat transfer, this enhancement is
almost invariably coupled with increased hydraulic losses. In fan-assisted ventilation systems, such resistance is
a pivotal design constraint that directly affects power consumption and acoustic quality; thus, the equilibrium
between thermal gain and pressure loss remains a subject of critical inquiry.

While the literature regarding TPMS heat exchangers is vast, studies dedicated specifically to air-side perfor-
mance are notably scarce. Air, characterized by its low density and minimal thermal capacity, demonstrates
thermo-hydraulic patterns that differ significantly from those of liquids, necessitating specialized investigation.
Research by Saghir et al. (2025) and Kilic et al. (2025) has confirmed that TPMS architectures can catalyze heat
transfer in air-flow conditions; however, the pressure gradient remains a primary bottleneck, particularly in the
low Reynolds number regimes typical of HVAC operations.

Concurrently, decentralized heat recovery ventilation (HRV) systems have been the subject of intensive study
within the building science sector. These systems generally utilize honeycomb or ceramic thermal storage ma-
trices and operate under cyclic flow reversal (push—pull) protocols. The naturally symmetrical and streamlined
flow channels of specific TPMS topologies make them excellent candidates for such bi-directional flow environ-
ments. Experimental work by Pekdogan et al. (2020, 2021) has documented heat recovery efficiencies between
60% and 80%, while Galiszewska et al. (2023) showed that integrating phase-change materials could further
amplify these gains.

Notwithstanding the wealth of independent research on TPMS geometries and decentralized ventilation, the
intersection of these two domains remains largely unexplored. Most available studies prioritize multi-cycle op-
erations to determine quasi-steady state efficiencies. However, the initial transient response occurring during
the very first flow-reversal cycle—which dictates the thermal inertia and start-up dynamics of the unit—has not
been thoroughly investigated. Understanding this first-cycle behavior is essential, as it illuminates the immedi-
ate thermal penetration and energy exchange between the fluid and the solid matrix before the system reaches
periodic equilibrium.

Consequently, the present work offers a first-of-its-kind numerical investigation into the single-cycle transient
thermal response of a TPMS-based heat exchanger. The analysis is specifically designed to isolate the initial
charging and discharging phases under low Reynolds number air-side conditions. by examining the instantane-
ous heat storage capacity and thermal lag during the debut cycle, this research seeks to provide fresh perspectives
on the viability of TPMS cores for decentralized HVAC applications. In contrast to earlier studies that rely on
periodic boundary conditions, this investigation employs a configuration that mirrors actual ventilation start-
up sequences, allowing for a more precise evaluation of the dynamic thermal performance of TPMS-based
recuperators.
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MATERIAL AND METHOD

The heat exchanger geometries used in the simulations are generated by modifying a code developed in the
Mathematica program. Since honeycomb heat exchangers employed in mono unit systems typically have a cy-
lindrical form, this characteristic is also incorporated into the TPMS geometry design. Therefore, in Figure 1,
gyroid geometry at 0.6 porosity is shown.

Figure 1. Cylindrical gyroid geometry at 0.6 porosity which is created by Mathematica

The transient 3D numerical model is developed by ANSYS CEX for heat transfer and fluid flow. However,
instead of analysing the entire system, a representative volume element (RVE) or a repeating unit cell can be
analysed. An RVE is a material volume whose effective behaviour represents the behaviour of the material as a
whole. The RVE is shown in Figure 2. This approach is used for all geometries used in the analysis. In this case,
system dimensions have been shown in Table 1.

Figure 2. Representative volume element (RVE) (Genc 2024)

The geometrical configuration of the computational domain and boundary conditions are shown in Figure 3.7.
Analyses are carried out for 0.1 m/s, which correspond to 19.12 Reynolds number for pore diameter at laminar
flow. This value is corresponded to 96 for channel diameter. As the boundary condition in the analysis, the outer
surfaces of the fluid and solid domains are defined as adiabatic walls. The inlet temperatures of the fluid to the
system are assumed to be 298.15 K and 268.15 K for hot flow and cold flow, respectively. Where the initial
temperature of the heat exchanger is assumed to be 278.15 K (Table 2).
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Table 1. RVE System dimensions.

System Properties

Diameter
Inlet Length
HEX Length
Outlet Length

15 (mm)
20 (mm)
20 (mm)
20 (mm)

When choosing these temperatures, the change in the heat capacity of a certain mass over time is considered.
Here, indoor, and outdoor temperatures used in ventilation systems are taken as the basis. It is envisaged to
be used effectively in heat processes such as heat recovery. Aluminium, ceramic, and PLA are chosen as heat
exchanger materials to compare the differences in thermal properties. The thermophysical properties of the
materials are given in Table 3. The thermophysical properties of air at 298.15 K are used for the fluid. Natural
convection effects have been neglected.

Table 2. CFD and heat transfer model boundary conditions.

Boundary Conditions

Thot flow,initial 298.15 (K)
THEX, initial 278.15 (K)
Tcold flow,initial 263.15 (K)
Vinlet 0.1 (m/s)
Outlet AP =0
Outer surface of fluid domain Adiabatic
Outer surface of solid domain Adjiabatic

Wall influence Free-slip wall

Geometrical configuration of the computational domain and boundary conditions is shown in Figure 4.

Table 3. Thermophysical properties of heat exchanger materials

. k c p o p*c

P P
Material (W/mK) (J/kgK) (kg/m?) (m2/s) (J/m3K)
Aluminium 237.00 903.00 2700.00 9.71E-05 2448406
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Figure 4. Geometrical configuration of the computational domain and boundary conditions for hot and cold sides.

The Navier-Stokes equations are shown in Equations (1) and (2), respectively. Convergence criteria are set to
10-6 for all the governing equations. The Shear Stress Transport (SST) turbulence model is used to understand
the developed vortexes along the heat exchanger. SST model is prepared by Menter for some missing points of
k- w model. Menter improved the spurious free-stream sensitivity of k- w model. Two region formularization
which utilize k- w model close wall, k- € is used for the other part of flow are also improved. A high-resolution
scheme is used to solve advection terms. For the transient scheme Second Order Backward Euler is used.

d — —

Z+7.(pV) =0 (1)

por=—VP +pg +puv?V )
(3)

Py [g—: + W)T] = kV2T + ¢

Mesh independency analysis is conducted for four different mesh element numbers (M1 = 2371748, M2 =
3557621, M3 = 5352423 and M4 = 8884799) that are shown in Figure 3.9. Heat rate values, which are crit-
ical parameters for the comparison of numerical data, are calculated using M1, M2, M3, and M4 to evaluate
mesh independence (Figure 5). According to Figure 5, all meshes are matched up with each other. To evaluate
temperature and velocity distributions at higher resolution with reduced computational costs, M2 is chosen. In
here, fluid -solid interface element size 0.15 mm, fluid body element size 0.3 mm, solid-fluid interface 0.4 mm,
solid body element size. It is determined as 0.8 mm. In places where the element size is small, more frequent
mesh is generated. This allows the areas with frequent mesh to be analysed better. The grid quality is ensured
with Skewness to be less than 0.8 for all meshes.

In addition, time-step independency is also carried out for 0.05, 0.1, 0.2, 0.4 and 0.5 s. Figure 6 shows that
0.2 s is suitable for obtaining an accurate solution due to the occurring deviation for the first 5 s at 0.4 and
0.5 s time steps. It is clear that the variation of the total number mesh and/or time step size did not cause any
remarkable changes in the time-dependent variation of the heat rate. The maximum deviation between the M1
and the M4 mesh is found to be less than 0.1%. Besides, regarding the time-step size, the maximum difference
is obtained as 0.1%. Consequently, the preliminary survey ensures that the results are independent of the mesh
number and the time-step size.
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RESULT AND DISCUSSIONS

The single-cycle transient thermal response of a TPMS-based heat exchanger is numerically investigated for
the first time. The analysis focuses on isolating the initial charging and discharging phases under low Reynolds
number air flow conditions.

In the hot flow (Figure 7), the fluid enters the domain at 298.15 K, creating a 20 K temperature gradient relative
to the initial state of the solid matrix. The contours reveal a thermal distribution within the Gyroid architec-
ture, where the continuous curvature effectively disrupts the air-side thermal boundary layer even at a low inlet
velocity of 0.1 m/s. Despite the high thermal conductivity of the Aluminium struts, the solid-phase tempera-
ture only reaches approximately 282 K by the end of the first 25-second cycle. This indicates that a significant
portion of the inlet thermal energy is consumed by the thermal inertia of the matrix to overcome its initial cold
state (278.15 K), which explains the relatively lower efficiency of the first cycle compared to stabilized periodic
operations.
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Temperature Fluid Temperature HEX
298.00 282.00
296.00 281.60
294.00 281.20
292.00 280.80
290.00 280.40
288.00 280.00
286.00 279.60
284.00 279.20
282.00 278.80
280.00 278.40
278.00 278.00

(K] K]

Figure 7. Temperature profiles of the fluid and the regenerative heat exchanger core during the hot flow phase.

During the cold flow (Figure 8), the flow reversal introduces cold outdoor air at 263.15 K into the pre-heated
core. The temperature contours illustrate an efficient energy release mechanism, where the cold air is rapidly
warmed as it passes through the Gyroid channels, reaching significantly higher temperatures at the outlet. The
HEX temperature scale shows a decrease toward 276 K, demonstrating that the stored sensible heat is effec-
tively transferred to the supply air. The inherent symmetry and non-tortuous pathways of the Gyroid topology
facilitate this bi-directional heat exchange with minimal stagnant zones, ensuring that the 25-second switching
duration provides sufficient time for the matrix to act as a functional thermal reservoir without reaching pre-
mature thermal saturation.

Temperature Fluid Temperature HEX
283.00 284.00
283.43
28100 ——— 282.86
279.00 282.29
277.00 281.71
281.14
273.00 280.00
279.43
271.00 278.86
269.00 = : 278.29
267.00 ' 277.71
277.14
265.00 276.57
263.00 276.00

(K] [K]

Figure 8. Temperature profiles of the fluid and the regenerative heat exchanger core during the hot flow phase.

CONCLUSION

In this study, the single-cycle transient thermal response of a Gyroid-based TPMS heat exchanger was numer-
ically investigated to characterize its initial charging and discharging behavior. Unlike multi-cycle steady-state
analyses, this research isolates the immediate fluid-structure interaction during the first 50 seconds of operation.
The following conclusions are drawn:

The Gyroid matrix exhibits a rapid temperature response during the first 25-second charging phase. Due to the
high thermal conductivity of the Aluminium struts, the internal temperature of the solid phase closely follows
the surface temperature, indicating a low-Biot-number regime that facilitates uniform volumetric heating.
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The continuous curvature of the Gyroid topology effectively prevents the development of a stable thermal
boundary layer. Even at a low inlet velocity of 0.1 m/s, the geometry promotes passive mixing (chaotic advec-
tion), which significantly enhances the heat transfer rate between the 298.15 K hot air and the 278.15 K solid
matrix.

During the first charging cycle, a significant portion of the inlet thermal energy is absorbed to overcome the
thermal inertia of the matrix. The temperature contours confirm that the Gyroid architecture allows for deep
thermal penetration, ensuring that the core acts as an effective heat sink before the flow reversal occurs.

Upon flow reversal, the pre-heated Gyroid core successfully transfers its stored sensible heat to the 263.15 K
cold inlet air. The rapid warming of the supply air during this phase demonstrates the structure’s high instanta-
neous heat exchange effectiveness, even in the absence of cyclic stabilization.

This fundamental single-cycle characterization provides the necessary baseline for evaluating the initial thermal
response of TPMS-based cores. However, to fully understand the long-term operational performance, future
research will focus on:

Future studies will investigate a significantly higher number of flow-reversal cycles to determine the point of
cyclic stability. Reaching a quasi-steady state is essential to accurately calculate the stabilized heat recovery effi-
ciency and to observe how the mean matrix temperature shifts over time.

By analysing multiple successive cycles, the optimal duration for the charging and discharging phases can be
identified to prevent thermal saturation of the core.

The multi-cycle performance will also be evaluated using technical ceramics to increase volumetric heat storage,
alongside the development of low-order numerical models (e.g., in MATLAB) for rapid parametric optimiza-
tion across thousands of operational scenarios.
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SUMMARY

This preliminary study numerically investigates the effects of a Heat Recovery Ventilation (HRV) system on
indoor air quality and thermal comfort within a commercial bus cabin. Utilizing Computational Fluid Dynam-
ics (CFD) with a high-resolution k-¢ turbulence model, the airflow dynamics, temperature distributions, and
Mean Age of Air (MAoA) were analysed for a realistic 3D bus geometry housing 53 occupants. Six different
scenarios were simulated, considering indoor temperatures of 22 °C and 25 °C at an outdoor temperature of
5 °C, with HRV efficiencies of 50% and 70%. The results indicate that while the HRV system maintains air
velocities within the comfort limits defined by ASHRAE 55 (below 0.24 m/s), heat recovery alone is insufficient
to provide optimal thermal comfort in cold climates. High velocity and lower temperatures were specifically
observed around the heads of hall-side passengers. The findings suggest that while HRV significantly reduces
energy losses, supplemental heating systems are required to ensure a homogeneous and comfortable thermal
environment in sustainable public transportation.

INTRODUCTION

Passenger comfort, indoor air quality, and the minimization of transmission risks—especially following the
global pandemic that emerged in 2020—have gained significant importance in public transportation. In buses,
which are among the most essential and widely used modes of transport, it is necessary to maintain control over
cabin temperature and airflow under varying climatic conditions (Geng et al. 2023).

In addition to these considerations, energy efficiency remains a crucial aspect. In an era where countries world-
wide are shifting toward sustainable energy sources, the efficient use of existing energy resources has become
a necessity rather than a preference. A significant portion of the energy consumed by buses originates from
auxiliary systems, among which Heating, Ventilation, and Air Conditioning (HVAC) systems account for the
largest share.

To achieve energy savings, it is not feasible to restrict or eliminate ventilation components. Maintaining a
specific level of air quality inside the bus is essential for the health and comfort of passengers traveling in an
enclosed space. This requirement can only be met by continuously supplying fresh air into the cabin. However,
conditioning this fresh outdoor air to match the cabin temperature requires a substantial amount of energy. At
this point, Heat Recovery Ventilation (HRV) systems provide an effective solution. These systems transfer heat
from the exhaust air leaving the cabin to the incoming fresh air through a heat exchanger. In this way, the fresh
air is pre-heated or pre-cooled without additional energy input, thereby minimizing ventilation-related energy
losses (Sentiirk, 2016).
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If air is blown directly onto passengers at high velocity, it creates a “draft” effect, causing localized cooling sen-
sations and discomfort. Conversely, if the air velocity is too low, “dead zones” may form within the cabin where
air is not properly renewed, leading to temperature stratification—for example, the head level may be warm
while the foot level remains cold. Therefore, when designing a heat recovery system, it is necessary not only to
conserve energy but also to distribute air within the cabin in accordance with comfort criteria defined in stand-

ards such as ISO 7730 and ASHRAE 55 (Branco, 2024).

At this stage, Computational Fluid Dynamics (CFD) becomes a critical tool. Advances in computational
power and decreasing costs have established CFD as a strong alternative or complement to experimental meth-
ods in the analysis of indoor air distribution, contaminant transport, and thermal comfort (Nielsen, 2004).
Numerical methods solve the Navier—Stokes equations, based on the conservation laws of mass, momentum,
and energy, enabling the simulation of airflow within a virtually modelled bus cabin. Through CFD analyses,
different vent designs, blowing angles, and flow rates can be tested in a virtual environment. By visualizing
airflow paths, temperature contours, and velocity vectors, potential design flaws can be identified before the
production stage.

Atmaca et al. (2009) and Zhu et al. (2010) stated that the air speed that will not disturb occupants is approx-
imately 0.2 m/s. Furthermore, Zhu et al. (2010) investigated CO, levels relative to passenger density in a nu-
merical and experimental study, concluding that CO, levels and the risk of disease transmission increase in the
absence of natural or mechanical ventilation. Zhu et al. (2012) examined how different vent sizes and locations
affect air velocities and particle distributions, concluding that displacement ventilation (bottom discharge, top
suction) at an air velocity of 0.23 m/s is the most suitable method.

Vignesh et al. (2013) examined various bus ventilation methods using CFD and concluded that the interior
environment can be improved with properly placed mechanical ventilation systems on the bus ceiling, which
was found to increase in-cabin air velocity by 131%. Chaudhry and Elumalai (2020) investigated the effect
of school bus ventilation scenarios on in-cabin PM concentration and air exchange rates. Querol et al. (2022)
studied the effects of CO, levels for different bus sizes and seating arrangements. Accordingly, various studies
have been presented to improve ventilation rates, such as the placement of CO, sensors that allow the driver to
increase ventilation flow according to passenger density.

In a study by Atmaca (2015), it was mentioned that numerous parameters (air speed, ventilation type, CO,
concentration, temperature, etc.) affect comfort and indoor air quality. An ASHRAE Position Document
provided an analysis that can serve as a basis for a 1000 ppm limit; however, there is no explicit statement in
ASHRAE Standard 62.1-2022 regarding the acceptance of 1000 ppm as a strict limit. Toksoy and Sofuoglu
(2022) stated that the 1000 ppm value is accepted as a standard in almost every country and recommended it
as the current limit. Similarly, Atmaca (2015) accepted 1000 ppm as the limit and stated that supplying fresh
air up to 25% of the air conditioner’s flow rate would be sufficient.

This preliminary study aims to numerically investigate the effects of a bus HVAC system equipped
with heat recovery technology on in-cabin comfort parameters. Within the scope of the study, a real-
istic three-dimensional bus geometry is modelled and analysed using validated turbulence models. The
primary objective is to determine whether the fresh air supplied by the heat recovery unit can create a
homogeneous temperature distribution and whether the resulting air velocities pose any risk to passenger
comfort. Based on the findings, it is intended to develop optimal air distribution scenarios that preserve
energy efficiency while maximizing passenger satisfaction. This study is expected to contribute to the
literature by emphasizing the importance of simulation-based engineering in the design of sustainable
public transportation.
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MATERIAL AND METHOD

In this study, the bus geometry was developed using a commercial CAD software. The dimensions of the vehicle
and the occupant capacity were modelled to represent standard commercial buses. The bus has an approximate
length of 12.3 m, a width of 2.6 m, and a height of 2.9 m. The model includes a total of 52 passengers and one
driver.

The total area for both suction and discharge vents was determined to be 2.35 m?. The ventilation configuration
consists of Iwo separate discharge vents located on the right and left sides of the cabin, near the ceiling. The
suction vent is designed as a single-piece unit positioned along the centre of the ceiling. The detailed locations
of these vents within the bus cabin are illustrated in Figure 1 (Geng et al. 2023).

. Discharge Vent

. Suction Vent

Figure 1. The location of the vents in the bus.

The developed geometry was subsequently imported into commercial CFD software (ANSYS CFX) to establish
a 3D steady-state numerical model. The standard k-¢ turbulence model, with a turbulence intensity of 5%,
was employed for the turbulence closure. A high-resolution scheme was utilized for the discretization of the
advection terms to ensure numerical accuracy. The convergence criteria for all governing equations were set to
a residual target of 10-6.

To evaluate the temperature, velocity, and mean age of air (MAoA) distributions in detail, spherical air regions
were defined around the heads of the driver and all passengers. The regions serve as virtual surfaces within the
fluid domain; they do not influence the flow field but facilitate the visualization and calculation of localized
air quality and thermal comfort indicators. Consequently, this study presents an alternative and more focused
representation of indoor air quality and comfort results within a bus cabin.

The computational domain was discretized using a multi-scale meshing approach. A fine mesh with an element
size of 20 mm was applied to the passengers’ heads and the volume within the spherical regions, as illustrated in
Figure 2. A coarser mesh with an element size of 50 mm was utilized for the passengers’ bodies and the remain-
ing parts of the cabin geometry. Additionally, the mesh element size at the discharge and suction sections was
refined to 25 mm. The final mesh consists of a total of 6,717,548 elements.
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b S

Figure 2. Mesh distribution in the numerical model.

Atmaca (2015) reported that for commercial HVAC systems used in buses, the maximum airflow rate is 6,900
m?/h at low outdoor temperatures, while the minimum airflow rate is 8,400 m?/h for high outdoor tempera-
tures. The upper limit for CO, concentration in non-industrial environments is specified as 1,000 ppm, and
it was concluded that supplying fresh air at 25% of the air conditioner’s total airflow rate is sufficient. In the
present study, the average of these two airflow rates was utilized, and 25% of this mean value was calculated,
resulting in an airflow rate of approximately 1,950 m3/h. Under these conditions, the air velocity at the dis-
charge vents is approximately 0.23 m/s. This value aligns with the findings of Atmaca et al. (2009) and Zhu
et al. (2010, 2012), who emphasized that an average air speed of around 0.2 m/s is ideal for providing com-
fortable indoor conditions without causing occupant discomfort. Temperature is another critical parameter for
indoor thermal comfort. According to the literature, the most suitable temperature range for thermal comfort
is approximately 21-28°C (Velt and Daanen, 2017; Zhang et al., 2020). Consequently, a heat transfer analysis
(thermal energy model) was conducted to evaluate the thermal environment within the bus. The simulations
considered indoor temperatures (Tindoor) of 22°C and 25°C, an inlet temperature (Tinlet) of 5°C, and two
heat recovery (HRV) efficiencies of 50% and 70%. The remaining boundaries of the geometry, such as the bus
walls, were defined as adiabatic. For all simulated cases, the boundary condition at the suction vent was defined
as a pressure outlet with a relative static pressure of 0 Pa. The comprehensive set of defined boundary conditions
is compiled in Table 1.

Table 1. Boundary Conditions

Inlet Outlet
Scenarios Tindoor CC)
HRYV (%) T 1ex (°C) Viatee (m/s)
1 22°C - -
2 25°C - -
3 22°C 0,5 13,5°C AP =0
0.23 m/s

4 25°C 0,5 15,0°C
5 22°C 0,7 16,9°C
6 25°C 0,7 19,0°C
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The Mean Age of Air (MAoA) is defined by the duration for the air entering the indoor environment from the
discharge vent to reach a certain value, and it is also an indicator of the freshness of the air. MAoA is defined as
a scalar quantity () in this numerical model, and the transport of the scalar (¢p) was calculated with additional
convection diffusion equation as given by Eq. 1 (Chanteloup and Mirade, 2009).

200~ 7 - (pVp) + S, (1)

Here t is the time, p is the density, V is the average velocity of the moving quantity and 5S¢ is the source of the
scalar term. For steady flow, Eq. 1 can be simplified to Eq. 2.

7 - (76— pDV) = S, 2)

The source term S¢ is 1 (Chanteloup and Mirade, 2009; Bartak et al., 2002; Gan, 2000). D is the kinematic
diffusivity of the scalar magnitude and has two components, laminar and turbulent as given in Eq. 3.

p=Lt+5 3)
where p is the viscosity and pis the turbulent viscosity. 0, and 0-are laminar and turbulent Schmidt numbers,
respectively. Since the fluid is turbulent in this study, the turbulent viscosity will be higher than the laminar
viscosity and therefore the laminar component will have a weaker effect than the turbulent component (Chante-
loup and Mirade, 2009). For turbulent flows in ANSYS CFX, turbulent diffusion is included by default as a re-
sult of averaging the advection term. Therefore, kinematic diffusion is not defined but included in the solution.

RESULTS AND DISCUSSIONS

In this section, the airflow dynamics within a bus cabin equipped with a Heat Recovery Ventilation (HRV)
system were analysed using coloured velocity contour maps. Before evaluating the findings, it is important
to specify the fundamental boundary conditions applied in the analyses. For all temperature cases examined,
the air inlet velocity was kept constant at 0.23 m/s, following the approach adopted by Geng et al. (2023).
Additionally, to optimize computational cost in the high-resolution mesh cabin model, the thermophysical
properties of air were assumed to be constant at a reference temperature of 25°C (Versteeg, 2007). Under these
assumptions, the resulting velocity distribution contours are presented sequentially.

One of the most critical factors in evaluating the performance of cabin HVAC systems is the local velocity
effect of the conditioned air on passengers. Studies in the literature indicate that the head and neck regions of
the human body are the most thermally sensitive areas to airflow (draft) (Fanger, 1988). For this reason, Figure
3 presents a three-dimensional contour map showing the air velocity (m/s) distribution over spherical surfaces
representing the head and shoulder regions of the passengers.

In this study, the inlet velocity was kept constant for all temperature conditions according to the previous study
of authors. In the analyses, the thermophysical properties of air were assumed to be constant as 25°C due to the
computational costs. Thus, the change of temperature did not affect the velocity distribution on the spherical air
regions (Figure 3) and velocity streamlines inside the bus (Figure 4). Locating the suction vent at the upper cen-
tre of the bus results in higher velocity values on the spherical air regions of the passengers sitting at the hall-side
as approximately 0.2 m/s. However, the velocity reached 0.05 m/s for the passengers sitting at the window-side.
The airflow was directed to the suction vent with a narrow area, and this resulted in higher velocity values.

For seated occupants, the maximum allowable air velocity limits that do not cause local draft discomfort in in-
door environments are defined by various international standards. According to the ASHRAE 55 standard, in
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moderate thermal environments, the air velocity should not exceed 0.25 m/s in order to prevent draft discomfort.

Based on the CFD results obtained, it was determined that the maximum local surface velocity inside the bus
remained around 0.24 m/s and did not exceed the reference limit value. This indicates that the designed HRV
system provides ventilation within safe limits without causing thermal discomfort such as cold drafts for the
passengers (Khatoon, 2020).
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Figure 3. Velocity distributions on spherical air regions
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Figure 4. Velocity distributions on selected rows in the bus
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The numerical results of the velocity distribution across various cross-sections (Driver, P1-P13) provide a de-
tailed understanding of the airflow dynamics within the bus cabin (Figure 4). The velocity contours illustrate
that the conditioned air exiting the discharge vents follows the ceiling profile before descending into the occu-
pant zone, distribute air without direct impingement. In all passenger rows, a clear disparity is observed between
seating positions; while hall-side occupants are exposed to moderate air velocities ranging from 0.16 to 0.24
m/s, window-side occupants remain in lower-velocity zones below 0.12 m/s. Crucially, the maximum local air
velocity at the head level of all occupants does not exceed 0.24 m/s, which strictly adheres to the ASHRAE 55
and ISO 7730 draft risk limit of 0.25 m/s. This confirms that the HRV system’s discharge velocity of 0.23 m/s
is successfully optimized to ensure adequate air renewal while maintaining high thermal comfort by preventing
localized cooling sensations or ‘draft’ effects.

The mean age of air is directly related to air velocity, and thus it was not affected by temperature differences like
velocity distribution. In Figure 5, higher age of air values was observed at points away from the suction vent
where air velocities were lower, which were the driver and the rows behind the driver as 500 s. This shows that
the airflow remained unchanged in these regions because the suction vent was only located in the middle of
the ceiling of the bus. As mentioned in Figures 3 and 4, since the change of the thermophysical properties with
temperature was neglected, there were no changes observed for all cases in Figure 5.

SESESFTESS

Mean Age of Air . = [s]

Figure 5. Mean age of air distributions on spherical air regions

Figure 6 shows the temperature distributions on the spherical air regions. For the Scenarios 1 and 2 (without
HRYV), the indoor temperature drops to 6°C, especially for the passengers sitting on the hall-side. Considering
that the air entering the indoor environment at low temperatures affects thermal comfort, it is seen that provid-
ing the airflow by heat recovery or pre-heating plays an important role. For the

When the indoor temperature is 22 °C, using a system with 50% heat recovery efficiency increases the inlet
temperature from 5 °C to 13.5 °C. This raises the air temperature around the heads of passengers, especially
those sitting on the hall side, to 16 degrees Celsius. In Scenario 4, the indoor temperature is assumed to be 25
°C compared to Scenario 3, and the air temperature around the heads of passengers rises to 18 °C. However,
this does not provide adequate thermal comfort. In Scenarios 5 and 6, the heat recovery efficiency is increased
to 70%, resulting in inlet temperatures of 16.9 and 19 °C, respectively. While the air temperature around their
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.

heads reaches approximately 20 °C in Scenario 5, this value is around 22 °C in Scenario 6, especially for pas-
sengers near the exit vent and those sitting on the hall side. Based on the results, it is observed that a 70% heat

recovery efficiency is low at an outdoor temperature of 5 °C, and that the indoor inlet temperature should be
increased with a higher heat recovery efficiency or using a pre-heater.

Scenario 1 Scenario 2

Tintet = 5.0 °C

Tindooe = 22.0 °C Tater=35.0°C

HRV =0 % Tindoar = 25.0 °C

TinetHRYV = = HRV=0%
Scenario 3 Scenario 4

T = 13.5 °C Tiet = 15.0°C

Tindoor = 22.0 °C Tindeor = 25.0 *C

HRV =50 % HRV =50 %
Scenario 5 Scenario 6

Tinlee = 16.9 °C Titer = 19.0°C
Tindooe = 22.0 °C Tindoar = 25.0 °C
HRV =70 % HRV =T70%

Temperature

Figure 6. Temperature distributions on spherical air regions

CONCLUSION

In this study, the impact of a heat recovery-integrated HVAC system on the thermal comfort and air freshness
of a bus cabin was evaluated through steady-state CFD simulations. The following key conclusions were drawn:

*  The maximum local air velocity remained around 0.24 m/s, complying with the ASHRAE 55 “no-draft”

limit of 0.25 m/s. This confirms that the designed HRV system does not cause localized cooling discomfort
due to high-velocity air.
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e The Mean Age of Air (MAoA) analysis revealed that the central suction vent configuration provides effec-
tive air renewal in the middle of the cabin, though higher MAoA values (up to 500 s) were observed near
the driver and rear sections, suggesting a need for more distributed suction points.

e  Increasing HRV efficiency from 50% to 70% significantly improved the supply air temperature. However,
at an outdoor temperature of 5 °C, the air temperature around passengers—particularly those on the hall-
side—remained below the desired 21-28 °C comfort range.

e  To achieve ideal thermal comfort in winter conditions, it is concluded that HRV systems should be sup-
ported by auxiliary heating units (e.g., PTC heaters). Furthermore, the implementation of high-per-
formance heat exchanger geometries, such as Triply Periodic Minimal Surfaces (TPMS) (Genc and Ka-
radeniz 2024), is recommended to maximize efficiency and achieve a more homogeneous temperature
distribution without increasing the system’s footprint.

Opverall, this study demonstrates that simulation-based engineering is a vital tool for optimizing energy-efficient
ventilation strategies in public transport, balancing the trade-off between energy savings and passenger satisfac-
tion.
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ABSTRACT

Buildings account for approximately 40% of global energy consumption, and heating, ventilation, and air con-
ditioning (HVAC) systems represent a substantial share of building energy use. This paper provides a focused
conference adaptation of the Al-based occupant-centric HVAC control framework previously developed by
Yayla et al. (2022), to which both present authors contributed. The framework replaces real-time occupancy
detection with day-ahead hourly occupancy predictions generated by an Artificial Neural Network (ANN) from
historical, environmental, and calendar-related inputs. A two-year dataset from a shopping mall in Istanbul was
used to develop the model and evaluate four HVAC control scenarios in IDA Indoor Climate and Energy (IDA-
ICE). The preferred ANN configuration achieved a Mean Absolute Percentage Error (MAPE) of 13.23% and
an R? of 0.776; prediction accuracy for a held-out national holiday was approximately 87%. The reported sim-
ulations showed that the Al-based scenarios reduced energy consumption by at least 10% relative to traditional
sensor-based control and by at least 35% relative to continuous full-power operation, with savings approaching
20% and 40%, respectively, under hotter conditions. Thermal comfort was also maintained more consistently
because the control strategy anticipated changes in occupancy rather than reacting after they occurred.

Keywords: Al-based HVAC control; sensor-free occupancy prediction; artificial neural network; energy effi-
ciency; commercial buildings; occupant-centric control

1. INTRODUCTION

Buildings are among the most energy-intensive sectors of the global economy. The built environment accounts
for approximately 40% of global energy consumption, while HVAC systems are responsible for roughly 40%
of building energy use (IEA, 2019; Yang et al., 2014). In large commercial buildings such as shopping malls,
energy management is further complicated by rapidly changing and difficult-to-predict occupancy patterns.

Traditional HVAC controllers generally rely on fixed schedules or feedback from temperature, humidity, CO,,
and occupancy sensors. Such systems are inherently reactive: environmental effects caused by a sudden increase
in occupants must first develop and then be detected before corrective action begins. Motion-based sensors can
also undercount stationary occupants, while CO,-based estimates respond gradually and may lag behind rapid
population changes in large spaces (Erickson & Cerpa, 2010; Yayla et al., 2022).

Occupant-centric and predictive control strategies seek to overcome these limitations by anticipating demand.
User-interactive control, machine-learning prediction, and deep reinforcement learning have demonstrated po-
tential to reduce HVAC energy use while preserving comfort (Lee et al., 2020; Liu et al., 2021; Du et al., 2021).
Nevertheless, many proposed approaches still depend on real-time occupancy sensing, which introduces instal-
lation, calibration, maintenance, privacy, and reliability constraints.

68 TTMD International HVAC&R Technologies Symposium



XVII TTMD
0 TTMD INTERNATIONAL HVAC&R
,,,,,,,,,,,, st TECHNOLOGIES SYMPOSIUM

ARTIFICIAL INTELLIGENCE IN BUILDINGS

This paper presents a focused adaptation of the previously published framework by Yayla et al. (2022). It con-
centrates on the ANN-based occupancy prediction component and its integration with a sensor-free cooling
schedule. The method is evaluated using a two-year shopping-mall dataset and IDA-ICE simulations that
compare continuous full-power operation, conventional sensor-based control, Al-based control, and Al-based
control with pre-cooling.

2. LITERATURE REVIEW

A focused overview of the literature identifies three closely related research areas: occupant-centric HVAC op-
eration, machine-learning-based occupancy prediction, and predictive control that combines occupancy and
weather information.

2.1 Occupant-Centric Control Systems

Occupant-centric HVAC control aims to align building operation with actual demand rather than relying solely
on fixed schedules. Lee et al. (2020) developed a less intrusive feedback-request strategy for human-centered
HVAC operation, while Liu et al. (2021) demonstrated an interactive thermal-control system that balanced
occupant satisfaction and energy performance. Du et al. (2021) further showed the potential of deep reinforce-
ment learning for multi-zone HVAC control.

Occupancy-responsive scheduling has also produced substantial savings in earlier studies. Erickson et al. (2009)
reported approximately 14% HVAC energy savings using occupancy information. Capozzoli et al. (2017)
achieved a similar reduction by learning occupancy patterns and adapting HVAC schedules, while Peng et al.
(2018) reported savings of up to 52% for occupancy-prediction-based cooling control in office buildings.

2.2 Al and Machine Learning for Occupancy Prediction

Machine-learning methods can estimate or predict occupancy from visual, environmental, temporal, and be-
havioral inputs. Tien et al. (2022) demonstrated improved performance for vision-based occupancy detection,
whereas the present framework uses camera counts only as historical ground-truth data during model develop-
ment and does not require real-time camera input during control.

Weather information is also important for proactive HVAC scheduling. Ignjatovi¢ et al. (2022) showed that
short-term weather forecasts can support building energy-performance evaluation and control decisions. Com-
bining occupancy forecasts with day-ahead weather information therefore provides a basis for adjusting HVAC
operation before internal loads and outdoor conditions produce a measurable comfort deviation.

2.3 Sensor-Free Occupancy-Based Control

Most occupancy-based control studies assume real-time input from cameras, motion detectors, RFID systems,
or CO, sensors. Yayla et al. (2022) demonstrated an alternative in which historical occupancy patterns, weather
conditions, time variables, and social-calendar indicators are used to predict hourly demand in advance. The
present conference paper condenses that framework and clarifies the relationship between occupancy predic-
tion, control scheduling, and energy-simulation results.
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3. METHODOLOGY

3.1 Case Study Building and Dataset

The study used two years of occupancy and environmental data spanning portions of 2017-2019 from a
multi-story shopping mall in Istanbul, Turkiye. The building was modeled in Autodesk Revit and imported
into IDA-ICE 4.8 in Industry Foundation Classes (IFC) format. The simulation model represented the actual
building elements, including insulated light-steel external walls, double low-emissivity glazing, and an insulated
standing-seam roof.

Entrance cameras installed for security and visitor counting provided the historical ground-truth occupancy
series. The mall operated from 10:00 a.m. to 10:00 p.m.; the ANN dataset therefore used twelve hourly oper-
ating intervals per day, represented by time indices 10-21. These camera data were used for model training and
validation rather than as a real-time input to the proposed HVAC controller.

3.2 ANN-Based Occupancy Prediction

The ANN used nine inputs: outdoor temperature (°F), relative humidity (%), weather-condition category, day
of week, month, day of month, year, time of day, and day type. Day type distinguished normal days, public
holidays, the first day of religious holidays, and the remaining days of religious holidays. The model output was
the predicted number of visitors for each hourly interval.

The network was implemented with TensorFlow/Keras using the Adam optimizer and rectified linear unit
(ReLU) activation. Model development included a 90/10 training-test division and five-fold cross-validation,
as reported in the source study. Eight-hidden-layer configurations with 8—64 neurons per layer and 250-1000
training epochs were compared. ANN-1, with 8 neurons per hidden layer and 500 epochs, was selected as the
preferred configuration because it provided a favorable balance between prediction performance and processing

time. It achieved a MAPE of 13.23% and an R? of 0.776.

3.3 HVAC Control Scenarios
Four IDA-ICE scenarios were used to compare control strategies:

S1, Full-Power Baseline: The HVAC system operates continuously at full power with a maximum cooling
setpoint of 24°C. This scenario represents the highest-energy reference case.

$2, Traditional Sensor-Based Control: HVAC operation responds to temperature measurements and occu-
pancy information represented by CO, sensing. Thermostat deadband and sensor-response delay can produce
wider indoor-temperature fluctuations during rapid occupancy changes.

$3, Al-Based Occupancy-Predictive Control: The control schedule is generated from ANN-predicted oc-
cupancy and day-ahead weather information. No real-time occupancy detector is required for the simulated
control logic. In a practical installation, existing comfort and indoor-air-quality sensors may remain available as
safety or override inputs, although those overrides were not used in the sensor-free simulations.

S$4, Al-Based Control with Pre-Cooling: S4 extends S3 by initiating cooling 30 minutes before a predicted
sharp increase in occupancy. The pre-cooling condition is activated when the following-hour increase exceeds
250 visitors.

S3 and S4 were simulated using both actual and ANN-predicted occupancy series. This comparison was used to
determine whether prediction errors materially altered energy consumption or thermal-comfort performance.
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4. RESULTS AND DISCUSSION

4.1 ANN Prediction Accuracy

ANN-1 achieved a MAPE of 13.23% and an R? of 0.776. Four days were excluded from model training for a
more interpretable test: Sunday, 18 August; Monday, 19 August; Thursday, 29 August; and the national holiday
on Friday, 30 August 2019. For the holiday case, which represented an atypical occupancy profile, the hourly
predictions were approximately 87% accurate.

Training and validation losses for ANN-1 and ANN-3 remained within an acceptable complexity range without
clear evidence of overfitting. By contrast, larger models using 64 neurons per layer and 1,000 epochs showed
increasing separation between training and validation losses after approximately 600 epochs. These results sup-
ported the selection of the more compact ANN-1 model.

4.2 Energy Simulation Results

Detailed simulations were examined for Thursday, 29 August 2019, a hot summer day, and Friday, 7 June 2019,
a milder early-summer day. The corrected weekday labels are used here; the dates themselves are unchanged
from the source study.

Across the two selected days, the published comparison showed that S3 and S4 reduced energy consumption by
approximately 10% relative to S2 on 7 June and by approximately 22% on 29 August. Relative to the full-power
S1 baseline, the overall results reported savings of at least 35%, approaching 40% during hotter outdoor con-
ditions (Yayla et al., 2022).

Thermal-comfort performance was also more consistent in the Al-based scenarios. S2 showed wider indoor-tem-
perature fluctuations and periods outside the desired comfort range during rapid changes in occupancy and out-
door conditions. S3 responded in advance using the predicted occupancy trend. On 7 June, S4 activated cooling
at 12:30 p.m., 30 minutes before an increase of more than 250 visitors between 1:00 and 2:00 p.m., bringing
indoor temperature toward the setpoint before the surge. Simulations using actual and predicted occupancy
produced only slight differences in energy use and indoor temperature.

4.3 Discussion

The principal advantage of the proposed approach is temporal anticipation. A conventional sensor-based con-
troller acts after occupancy has affected temperature or CO, concentration, whereas the ANN provides a day-
ahead schedule that can position HVAC capacity before the load materializes. This proactive behavior explains
the combined improvement in energy efficiency and thermal comfort.

The reported 10-22% savings relative to traditional sensor-based control are consistent with the broader oc-
cupancy-control literature, in which reported savings vary according to building type, baseline, control logic,
and climate (Erickson et al., 2009; Capozzoli et al., 2017; Peng et al., 2018). The present framework is distinct
because real-time occupancy detection is not required by the predictive schedule.

The small differences between simulations using actual and ANN-predicted occupancy suggest that moderate
prediction errors do not eliminate the operational benefit of the control strategy. Nevertheless, this conclusion
is limited to the studied shopping mall, cooling season, selected simulation days, and model assumptions. Field
implementation should retain appropriate safety limits, commissioning procedures, and optional sensor-based
overrides.
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5. CONCLUSIONS

This paper summarized an Al-driven, occupancy-predictive HVAC control framework for a large commercial
building. A two-year shopping-mall dataset was used to train an ANN that estimated hourly occupancy from
environmental, temporal, and social-calendar variables. The preferred model achieved a MAPE of 13.23%, an
R? 0f 0.776, and approximately 87% accuracy for a held-out national-holiday profile.

IDA-ICE simulations compared continuous full-power operation, conventional sensor-based control, Al-based
predictive control, and Al-based control with pre-cooling. The published analysis reported minimum energy
savings of approximately 10% relative to sensor-based control and 35% relative to continuous full-power oper-
ation, with savings approaching 20% and 40%, respectively, in hotter conditions. The Al-based scenarios also
maintained indoor temperature closer to the intended comfort level during rapid occupancy changes.

Three conclusions follow. First, historical occupancy combined with weather, time, and day-type variables
contains sufficient information to generate useful day-ahead forecasts. Second, predictive scheduling enables
proactive thermal management that reactive occupancy sensing cannot provide by itself. Third, the simulation
outcomes remained broadly stable when ANN-predicted occupancy replaced actual occupancy, although field
validation is still required before generalizing the results.

Future research should extend the method to the heating season, evaluate other commercial-building types,
conduct full-scale field trials, and investigate adaptive thresholds and variable pre-cooling periods. Integration
with real-time temperature, indoor-air-quality, and equipment-status signals as fail-safe overrides may further
improve robustness in operational buildings.

SOURCE NOTE

This conference paper is a condensed and clarified adaptation of Yayla et al. (2022), published under the Crea-
tive Commons Attribution 4.0 license. Both authors of the present paper were co-authors of the original study.
The dataset, ANN framework, control algorithms, and simulation findings summarized here originate from
that publication; no new experimental dataset is claimed.
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SUMMARY

The intensification of climate change and Urban Heat Island effects poses significant challenges for HVAC
systems, built environments, and urban communities. Rising ambient temperatures, increasing frequency and
duration of extreme heat events, and changing climatic conditions directly affect the performance, energy ef-
ficiency, reliability, and long-term sustainability of HVAC systems. These developments necessitate a re-eval-
uation of not only technical infrastructures but also urban living conditions, social vulnerabilities, and public
health frameworks.

This study examines resilience-based approaches for adapting HVAC systems and built environments to climate
change and Urban Heat Island effects. Conceptualizing HVAC systems not merely as technical infrastructures
but as integral socio-technical components of urban resilience, the study adopts a multi-scalar perspective. Ac-
cordingly, adaptation strategies are analyzed at the building, neighborhood, urban, and community levels in an
integrated manner.

The paper ultimately proposes an interdisciplinary, systems-based, and socially inclusive resilience framework
to enhance the flexibility, adaptability, and sustainability of HVAC systems under changing climatic conditions.

Keywords: Climate change, heat island, resilience, HVAC systems, built environment, communites.

1. INTRODUCTION

Global temperature increases and the intensification of extreme heat events have become defining characteristics
of contemporary climate dynamics. Urban areas are particularly vulnerable due to the Urban Heat Island effect,
which amplifies ambient temperatures through dense construction, reduced vegetation, and anthropogenic heat
emissions.

In this context, HVAC systems play a critical role in maintaining indoor environmental quality and thermal
comfort. However, rising cooling demand, higher peak loads, and increased operational stress challenge the
long-term sustainability and reliability of these systems. Traditional HVAC design methodologies rely heavily
on historical climatic datasets, which no longer accurately represent future climate realities.

Therefore, HVAC resilience must be redefined as a strategic component of urban climate adaptation, extending
beyond technical efficiency toward systemic adaptability and socio-technical integration.
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2. CONCEPTUAL FRAMEWORK: RESILIENCE AND SOCIO-TECHNICAL SYSTEMS

Resilience refers to the capacity of systems to absorb disturbances, adapt to changing conditions, and maintain
essential functions. While engineering resilience focuses on system recovery speed, ecological and socio-techni-
cal perspectives emphasize adaptability, transformation, and learning capacity.

HVAC systems should be conceptualized as socio-technical systems consisting of:
Mechanical and thermal equipment

Energy supply infrastructure

Digital control and automation systems

User behavior and occupancy patterns

Institutional regulations and energy policies

This integrated perspective enables a broader understanding of vulnerability and adaptation pathways.

3. IMPACTS OF CLIMATE CHANGE AND URBAN HEAT ISLAND ON HVAC SYSTEMS

Climate change and Urban Heat Island effects impose multidimensional pressures on HVAC systems:

3.1 Increased Cooling Demand

Higher ambient temperatures significantly increase cooling energy consumption. Studies indicate that cooling
demand may rise disproportionately in already warm climates, increasing electricity peak loads and grid stress.

3.2 Reduced System Efficiency

As outdoor temperatures rise, heat rejection efficiency declines, reducing coefficient of performance (COP)
values in cooling systems.

3.3 Equipment Degradation and Failure Risk

Extreme heat conditions accelerate mechanical wear, refrigerant stress, and electrical component degradation,
increasing failure probabilities.

3.4 Grid Vulnerability
Simultaneous peak demand during heatwaves can overload electricity networks, creating cascading system risks.

These impacts demonstrate that resilience must address both system robustness and adaptive capacity.

4. RESILIENCE-ORIENTED ADAPTATION STRATEGIES

A multi-scale approach is essential for enhancing HVAC resilience.

4.1 Building-Scale Technical Strategies
Climate-responsive HVAC design

Modular and flexible system architecture
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Passive cooling integration (shading, thermal mass, natural ventilation)
Evaporative and hybrid cooling systems

Smart building automation systems

Real-time data-driven adaptive controls

Reducing cooling loads through passive design significantly lowers mechanical system stress and enhances long-
term resilience.

4.2 Urban-Scale Planning Strategies
Expansion of green infrastructure
High-albedo roofing and pavement materials
Climate-sensitive urban morphology
District cooling networks

Renewable energy integration

Urban ventilation corridor planning

Urban-scale interventions create multiplier effects that reduce overall cooling demand and mitigate Urban Heat
Island intensity.

4.3 Community and Governance-Level Approaches
Participatory resilience planning

Heatwave early warning systems

Cooling support programs for vulnerable populations
Energy poverty mitigation mechanisms
Public—private partnerships

Resilience depends not only on technological capacity but also on institutional and social adaptability.

5. DISCUSSION

Enhancing HVAC resilience requires integration across engineering, urban planning, policy, and social systems.
Merely increasing system capacity does not guarantee sustainability under uncertain climate futures. Instead,
adaptive and flexible design paradigms must replace static performance assumptions.

Key transitions include:

From efficiency-only metrics to resilience metrics

From reactive maintenance to predictive analytics

From isolated building systems to integrated urban energy networks
From centralized control to distributed adaptive intelligence

This systemic transition aligns HVAC development with broader climate adaptation and decarbonization goals.
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6. CONCLUSION

Climate change and Urban Heat Island effects necessitate a redefinition of HVAC system design and govern-

ance. This paper presented a socio-technical, multi-scale resilience framework integrating building, urban, and

community-level strategies.

Future research should focus on:

Climate-projection-informed design standards

Al-driven adaptive HVAC control systems

Integrated district energy resilience modeling

Policy instruments linking climate mitigation and adaptation

Equity—centered cooling access strategies

HVAC systems must evolve from static thermal infrastructure into adaptive, intelligent, and socially embedded
resilience mechanisms for climate-responsive cities.
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SUMMARY

Increasing use of solar energy introduces challenges such as intermittency and mismatch between energy sup-
ply and demand. TES systems play a critical role in addressing these challenges; however, conventional control
approaches are often limited in adapting to dynamic operating conditions. In this context, Al techniques such
as machine learning, predictive analytics, and intelligent control algorithms are reviewed with respect to key
functions including demand forecasting, optimal charging and discharging, thermal comfort management, and
energy cost reduction. The applicability of these methods is evaluated through the HECTAPUS Project, which
develops a PCM-based TES system for heating and cooling of refugee shelters. The observations indicate that
Al-supported TES systems can significantly improve system performance, flexibility, and user comfort.

Keywords: Artificial intelligent, buildings, thermal energy storage, heating- cooling systems

INTRODUCTION

Thermal Energy Storage (TES) systems play a critical role in improving energy efficiency and flexibility in
building applications by enabling load shifting, peak shaving, and enhanced integration of renewable energy
sources. However, the variability of energy consumption in buildings and renewable energy generation through-
out the day significantly complicates the optimal operation of TES systems. Recent studies indicate that Al has
become an effective tool for improving the performance and control TES systems in building applications [1].
Al-based methods are widely used for system modeling, performance prediction, optimal control, and energy
management in buildings.

Artificial Neural Networks (ANNs) have been extensively applied to predict temperature distribution, stored
thermal energy, and charging—discharging efficiency of sensible and latent heat storage systems with significant-
ly low computational cost [2].

ANN and machine learning models can be employed to analyze the thermal behavior of phase change material
(PCM)-enhanced walls and roofs, as well as their impact on indoor thermal comfort and energy savings [3].

Al techniques are also widely adopted for optimal control and energy management of TES-integrated HVAC
systems. Reinforcement learning, genetic algorithms, and machine-learning-assisted model predictive control
have been proposed to optimize TES charging and discharging schedules in buildings [4]. The primary ob-
jectives include minimizing energy consumption and costs, reducing peak demand, and maintaining thermal
comfort.

Furthermore, Al-based demand forecasting plays a key role in enhancing TES operation in smart buildings.
Machine learning models are used to predict heating and cooling loads, enabling demand response and load
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shifting strategies through storage systems [5]. These approaches support higher penetration of renewable ener-
gy sources and improve building energy flexibility.

Opverall, this study explores the application of Al-based methods in TES systems for building applications. It re-
views Al techniques in relation to key functions such as demand forecasting, optimal charging and discharging
strategies, and thermal comfort management. Particular emphasis is placed on the integration of TES with solar
energy technologies for both heating and cooling. In addition, the potential of using these methods is assessed
through a real-life case study, namely the HECTAPUS Project. Within this framework, the study not only
provides a comprehensive reviews relevant AI methods applicable to active TES systems in buildings but also
identifies potential Al approaches and system requirements for optimizing TES operation in the HECTAPUS
system, thereby bridging the gap between theory and practical implementation.

2. THERMAL ENERGY STORAGE IN BUILDING APPLICATIONS

TES allows thermal energy to be stored and used at the appropriate time. Sensible, latent and thermo chemical
heat storage techniques are known as TES techniques. Latent heat storage is the storage of energy during phase
changes. Latent heat storage provides several advantages over sensible heat storage, such as up to 5 times higher
energy storage density and isothermal properties during the TES process [6]. Phase-change materials (PCMs)
are used for this purpose [7]. PCMs are classified into three groups: organic, inorganic, and mixtures. Thermal
energy can be stored by selecting PCMs that undergo phase changes under desired conditions and within specif-
ic temperature ranges [8]. One of the many applications of PCMs is their use in buildings [9]. Thanks to their
ability to store and release large amounts of energy within a narrow temperature range, PCMs are attracting
increasing interest for use in buildings (Fig. 1).

A Sensible Latent Sensible  Sensible Latent Sensible

Internal temperature

Solid Melting Liquid Sensible  Freezing Solid

Heating Cooling
Figure 1. PCM heating and cooling currve

Previous studies indicate that PCM integration can significantly improve indoor temperature stability, reduce
HVAC loads, and enhance demand shifting capabilities. The selection of PCM melting temperature is critical,
with values between 21 °C and 25 °C being optimal depending on seasonal and climatic conditions. While
PCM applications show notable benefits in light weight (LW) buildings, some studies report that heavy weight
(HW) buildings without PCM may still outperform PCM-enhanced LW structures in maintaining thermal
comfort [10].
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Heating and cooling in buildings can be provided by active and passive systems. Passive systems are approaches
that enhance thermal performance without relying on mechanical equipment. These include the use of high
thermal mass materials, effective insulation, controlled solar gains, and natural ventilation strategies. In passive
approach, PCM is incorporated into building envelopes, such as walls and ceilings, to reduce indoor tempera-
ture fluctuations and improve thermal stability. By storing and releasing latent heat within a narrow temperature
range, PCMs contribute to lowering overall energy demand while maintaining occupant comfort.

Active heating and cooling systems in buildings rely on mechanical equipment such as HVAC systems, heat
pumps, and chillers to maintain indoor thermal comfort and air quality. Their performance is enhanced through
advanced control strategies, including programmable thermostats and demand response, which optimize oper-
ation based on occupancy and energy demand. Integration with TES can further improve efficiency by storing
energy during off-peak periods and using it during peak times. This reduces energy costs and peak loads. Over-
all, combining efficient technologies, smart controls, and TES enables flexible, energy-efficient and sustainable
building operation.

3.HEATING AND COOLING IN HECTAPUS PROJECT

3.1 Hectapus System Overview

Turkey hosts over 3.5 million registered refugees, the highest number worldwide, with temporary camps spread
across multiple provinces. These regions experience extreme climate conditions, with summer temperatures
exceeding 40°C and winter temperatures dropping below 0 °C. Heating in refugee camps is mainly provided by
fossil fuel systems, while air conditioning is rarely used due to high costs. Overall, these conventional heating
and cooling solutions are both expensive and inefficient in terms of primary energy use.

The HECTAPUS project supported under the Geothermica Smart Energy Systems ERA-Net framework focus-
es on the development of a prototype heating and cooling system for refugee shelters using PCM-based TES. In
HECTAPUS project a dual-mode, solar-assisted latent heat TES unit is developed to provide heating and cool-
ing for temporary shelters (Fig. 2). The infrastructure is housed within a prefabricated cabinet measuring 3.0 x
7.0 x 2.8 m. The core components include flat-plate solar collectors, two PCM-based TES tanks (for heating
and cooling), and four fan-coil units for indoor climate control. Double-spiral copper coil heat exchangers are

integrated into the TES tanks for charging and discharging of heat and cold.

2 Thermal Energy Storage Tanks: Hot&Cold

Figure 2. Refugee shelter with dual mode solar assisted latent heat units [11]

80 TTMD International HVAC&R Technologies Symposium



XVII TTMD

@TTMD INTERNATIONAL HVAC&R 14-1¢
LY TECHNOLOGIES SYMPOSIUM  MAY 2

ARTIFICIAL INTELLIGENCE IN BUILDINGS

The system architecture utilizes two primary hydraulic circuits: a charging circuit connecting the solar collectors
to the TES units, and a discharging circuit linking the TES units to the fan-coil system.

The operation is governed by predefined temperature threshold values to automate the transition between
modes as heating and cooling. The system operates according to defined control strategies to ensure efficient
and reliable performance. In storage mode, the system is activated when the collector temperature reaches 45°C,
and storage mode is deactivated when the outlet temperature of the heat transfer fluid from the TES tank is
higher than the inlet temperature. In recovery mode, it operates when the indoor air temperature is below 23°C
and the inside the PCM tank is above 25°C, and stops when the indoor air temperature exceeds 26°C.

During heating operation, thermal energy collected from solar collectors during the daytime is used to melt the
PCM in the hot TES, thereby storing heat. At night, the energy stored in the hot TES is released and used to
heat the cabin through fan coil units, ensuring indoor thermal comfort.

For cooling operation, the system utilizes the energy stored in the cold TES during the previous night to cool
the cabin during daytime via fan coil units. During nighttime, the heat transfer fluid is cooled in solar collectors
positioned horizontally to take advantage of night sky radiation, allowing the PCM in the cold TES to solidify
and store cooling for the next day.

To evaluate system performance, temperature, flow rate, and solar irradiance are monitored and recorded with
data logger. Temperature is measured at 8 points in the TES tanks and at indoor/outdoor, collector, and fan-coil
inlets/outlets. Flow rates in charging and discharging circuits are measured using a flowmeter, and solar radia-
tion is measured with a pyranometer.

3.2. Operational Challenges in the HECTAPUS System
The HECTAPUS system is designed to effectively utilize solar energy by integrating TES with building heating

applications. By storing solar energy and using it when needed, the system addresses the inherent intermittency
of renewable energy sources and contributes to improved energy efficiency and indoor thermal comfort [12].
Nevertheless, certain operational challenges may arise under specific conditions.

1. Temporal change of solar energy availability: While the system is capable of storing and supplying solar en-
ergy under normal conditions, reduced solar radiation on overcast days can temporarily affect the charging
performance of the TES unit. In addition, sudden changes in weather conditions may lead to short-term
mismatches between energy generation and system response, as the system operates based on predefined
control conditions that may not always adapt instantly to rapid climatic variations.

2. Limited utilization of full storage capacity of paraffin TES tank: Incomplete melting of PCM seen in the
central regions of the TES tank can limit the utilization of its full storage capacity. This is primarily associ-
ated with the relatively low thermal conductivity of paraffin-based materials [13]. Heat transfer within the
storage unit may not always be uniform, which can influence the timing and efficiency of energy recovery
under certain operating conditions. To improve thermal performance and maintain indoor comfort, differ-
ent flow rate configurations of the heat transfer fluid have been tested. Adjusting the flow rate allows better
control of heat transfer between the heat transfer fluid and the PCM, supporting more effective charging
and discharging processes. However, the selection of optimal flow conditions may vary depending on ex-
ternal conditions and system demand, requiring adaptive rather than fixed operational settings.

3. Delay in system response: The control strategy based on fixed temperatures are used to ensure stable op-
eration and help maintain indoor thermal comfort within the desired range. However, in some cases, the
activation or deactivation of these control conditions may occur with a delay under rapidly changing con-
ditions, which can affect system responsiveness. This also can translate into reduced storage/recovery and
overall system efficiencies.
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4. POTENTIAL AI-BASED STRATEGIES FOR THE HECTAPUS SYSTEM

The employment of Al approaches in the HECTAPUS system provides significant opportunities to address
operational limitations arising from solar variability and mismatches between energy generation and demand.

4.1. Model Predictive Control (MPC)

Integrating model predictive control (MPC) with machine learning can be used to predict short-term solar radi-
ation, ambient temperature, and heating demand from historical operational data [14, 15]. The predicted values
can then be incorporated into an MPC framework to proactively adjust system operation, such as modifying
flow rates or preheating the PCM tank before anticipated cloudy periods. Previous studies have demonstrated
that these strategies remarkably improve the utilization of TES and enhance system flexibility under intermit-
tent renewable energy conditions [16, 17]. For example, MPC coupled with machine learning models has been
successfully applied to residential heating systems with TES, which enables improved management of energy
generation and consumption based on short-term solar forecasts [16, 18]. Furthermore, MPC strategies applied
to solar thermal systems with storage have shown enhanced energy utilization and reduced auxiliary energy
consumption compared with conventional rule-based control approaches [19, 20, 21]. The adoption of such
an MPC in the HECTAPUS system would improve responsiveness to weather fluctuations, reduce temperature
deviations, and increase overall system efficiency.

4.2. Reinforcement Learning (RL)

Al techniques can also address the thermal performance limitations of the PCM-based storage tank, particu-
larly incomplete melting due to paraffin’s low thermal conductivity. Reinforcement learning (RL) algorithms
can dynamically optimize operational parameters, such as flow rate and charging duration, by interacting with
a digital twin of the TES unit [22]. Through iterative learning, the RL agent identifies optimal control policies
that enhance heat transfer uniformity and maximize energy recovery [23].

4.3. Artificial Neural Networks (ANN)

In addition, surrogate machine learning models or artificial neural networks can approximate the internal ther-
mal state of the PCM tank in real time, enabling faster decision-making compared to computationally intensive
numerical simulations [24]. MPC strategies integrating neural networks have been experimentally validated for
TES systems, showing improved charging and discharging optimization and operational cost reductions com-
pared with rule-based control [21, 25]. These intelligent optimization approaches would improve the degree of
PCM utilization and enhance charging/discharging efficiency in the HECTAPUS system, ultimately support-
ing more stable indoor thermal comfort under variable operating conditions.

4.4. Adaptive Intelligent Controls (AIC)

Further improvements can be achieved by replacing fixed rule-based control strategies with adaptive intelligent
control methods [26]. Fuzzy logic controllers, combined with reinforcement learning or neuro-fuzzy systems,
can handle uncertainty and gradual transitions between operating modes more effectively than threshold-based
control [27]. Such controllers simultaneously consider multiple variables, including collector temperature, PCM
tank temperature, indoor temperature, and predicted weather conditions, enabling smoother switching between
storage and recovery modes [28]. Reinforcement learning can further refine fuzzy rules through continuous
learning from operational data, allowing the system to adapt to changing environmental conditions. Recent
studies have demonstrated that hybrid reinforcement learning and fuzzy logic approaches can optimize HVAC
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operation, improving thermal comfort while reducing energy consumption [29]. Additionally, advanced MPC
strategies for solar thermal heating systems with TES have shown substantial improvements in energy savings
and operational flexibility under variable occupancy and environmental conditions [30]. Implementing such
adaptive Al-based control methods in the HECTAPUS system would enhance reliability, minimize control
delays, reduce unnecessary cycling, and maintain indoor thermal comfort more consistently.

4.5. Solutions to Challenges of HECTAPUS with Al Based Methods

The Al based methods reviewed here can provide opportunities to overcome the challenges seen in HECTAPUS
operation. These are summarized in Table 1. Application of these methods can improve system performance and
flexibility under variable solar resources.

Table 1. Potential application of Al based methods in overcoming challenges in HECTAPUS Project

Challenges Suggested Al- based Expected result Reference
method
Temporal change Improve responsiveness to weather
of solar energy MPC fluctuations and increase overall system [16-21]
availability efficiency
Limited . . .
stilization of full RL Provide optimal control p911c1es .that enhance (22, 23]
. heat transfer uniformity
storage capacity
Enhance charging/discharging efficiency,
Delay in system ANN enhance reliability, minimize control delays, 24.28-30]
response AIC reduce unnecessary cycling, support more ’
stable indoor thermal comfort

6. CONCLUSION

This study highlights the significant potential of Al-based methods to enhance the performance of TES systems
in building applications. By addressing key challenges such as solar intermittency, control limitations, and stor-
age inefficiencies, Al-driven approaches offer promising solutions for improving system efficiency, flexibility,
and thermal comfort. For the HECTAPUS case study, different intelligent and adaptive control strategy oppor-
tunities are identified. By integrating such strategies into TES systems can support more reliable and sustainable
heating and cooling solutions with intermittent solar energy resources. Particularly in challenging environments
such as refugee shelters, more effective results can be achieved. The findings underline the potential of Al-ena-
bled TES as a key component in the transition toward smart and low-carbon building energy systems. Further-
more, the integration of latent heat TES with solar energy across different building typologies can support the
transition to clean energy systems and achieve greater impact when optimized using Al-driven strategies.

ACKNOWLEDGEMENT

The authors would like to acknowledge funding provided by TUBITAK (Project No: 218M182), British Coun-
cil (Project ID: 414707599), HECTAPUS project funded by TUBITAK (Project No:122N750/222N357)
under the umbrella of GEOTHERMICA Joint Call Smart Energy Systems ERA-Net.

TTMD International HVAC&R Technologies Symposium 83



XVII TTMD

@TTMD INTERNATIONAL HVAC&R
,,,,,,,,,,,, Y TECHNOLOGIES SYMPOSIUM  MAY

ARTIFICIAL INTELLIGENCE IN BUILDINGS

REFERENCES

[1] Ahmad, T., Chen, H., Guo, Y., Wang, ]J. (2018). A comprehensive overview on the data driven and large
scale based approaches for forecasting of building energy demand: A review. Energy and Buildings, 165,
301-320.

[2] Neto, A. H., Krarti, M. (2017). Artificial neural network based predictive control for energy efficiency
improvement in buildings. Energy and Buildings, 150, 82-97.

[3] Ascione, E, Bianco, N., De Masi, R. E, d¢’ Rossi, E, Vanoli, G. P. (2014). Energy refurbishment of existing
buildings through the use of phase change materials: Energy savings and indoor comfort in the cooling
season. Applied Energy, 113, 990-1007.

[4] Drgona, J., Arroyo, J., Cupeiro Figueroa, 1., Blum, D., Arendt, K., Kim, D., ... Wetter, M. (2020). All you
need to know about model predictive control for buildings. Annual Reviews in Control, 50, 190-232.

[5] Mocanu, E., Nguyen, P. H., Gibescu, M., Kling, W. L. (2016). Deep learning for estimating building en-
ergy consumption. Sustainable Energy, Grids and Networks, 6, 91-99.

[6] Alva, G, Lin, Y., Fang, G. (2018). An overview of thermal energy storage systems. Energy, 144, 341-378.
[7]1 Nie, B., Palacios, A., Zou, B., Liu, ]J., Zhang, T., Li, Y. (2020). Review on phase change materials for cold

thermal energy storage applications. Renewable and sustainable energy reviews, 134, 110340.

[8] Sharma, A., Tyagi, V. V., Chen, C. R., Buddhi, D. (2009). Review on thermal energy storage with phase
change materials and applications.Renewable and Sustainable energy reviews, 13(2), 318-345.

[9] Pomianowski, M., Heiselberg, P, Zhang, Y. (2013). Review of thermal energy storage technologies based
on PCM application in buildings. Energy and Buildings, 67, 56-69.

[10] Saffari, M., Roe, C., Finn, D. P. (2022). Improving the building energy flexibility using PCM-enhanced
envelopes. Applied Thermal Engineering, 217, 119092.

[11] Paksoy H., Mahkamov K., Kardas G., Siidas I., Emir S., Goktepe Biger G., Giingdr O., Alma F, Hoplamaz
E Solar heating and cooling with latent heat storage for temporary shelters, ENERSTOCK the 16th IEA
ES TCP International Conference on Energy Storage, 5-7 Haziran 2024, Lyon, Fransa, 467-469.

[12] Mao, Q., Wang, Y. (2025). Recent development of thermal heat storage technology coupling with phase
change material. Journal of Energy Storage, 139, 118739.

[13] Mjbel, H. M., Hamzah, H. K., Alkhazaleh, R., Alahmer, A. (2025). A roadmap for high-performance
phase change materials in thermal energy applications. International Communications in Heat and Mass
Transfer, 169, 109921.

[14] Cegen, M., Rivera, M., Wheeler, P, Zerdali, E. (2025, 1-4 Sept. 2025). Predictive Control for Solar Ra-
diation Forecasting: A Case Study. Paper presented at the 2025 Energy Conversion Congress and Expo
Europe (ECCE Europe).

[15] Gao, Y., Miyata, S., Akashi, Y. (2022). Multi-step solar irradiation prediction based on weather forecast
and generative deep learning model. Renewable Energy, 188, 637-650.

[16] Maltais, L.-G., Gosselin, L. (2022). Energy management of domestic hot water systems with model pre-
dictive control and demand forecast based on machine learning. Energy Conversion and Management: X,
15, 100254.

[17] Yang, S., Wan, M. P, Chen, W., Ng, B. E, Dubey, S. (2020). Model predictive control with adaptive ma-

chine-learning-based model for building energy efficiency and comfort optimization. Applied energy, 271,
115147.

84 TTMD International HVAC&R Technologies Symposium



XVII TTMD

@TTMD INTERNATIONAL HVAC&R 16-10g
,,,,,,,,,,,, me. TECHNOLOGIES SYMPOSIUM  MAY 2026

ARTIFICIAL INTELLIGENCE IN BUILDINGS

[18] Eseye, A. T., Lehtonen, M. (2020). Short-Term Forecasting of Heat Demand of Buildings for Efficient
and Optimal Energy Management Based on Integrated Machine Learning Models. IEEE Transactions on
Industrial Informatics, 16(12), 7743-7755.

[19] Bianchini, G., Casini, M., Vicino, A., Zarrilli, D. (2016). Demand-response in building heating systems:
A Model Predictive Control approach. Applied energy, 168, 159-170.

[20] Pintaldi, S., Li, J., Sethuvenkatraman, S., White, S., Rosengarten, G. (2019). Model predictive control of
a high efficiency solar thermal cooling system with thermal storage. Energy and Buildings, 196, 214-226.

[21] Thieblemont, H., Haghighat, E, Ooka, R., Moreau, A. (2017). Predictive control strategies based on
weather forecast in buildings with energy storage system: A review of the state-of-the art. Energy and Build-
ings, 153, 485-500.

[22] Zhang, H., Seal, S., Wu, D., Bouffard, E, Boulet, B. (2022). Building Energy Management With Rein-
forcement Learning and Model Predictive Control: A Survey. IEEE Access, 10, 27853-27862.

[23] de Gracia, A., Ferndndez, C., Castell, A., Mateu, C., Cabeza, L. E (2015). Control of a PCM ventilated
facade using reinforcement learning techniques. Energy and Buildings, 106, 234-242.

[24] Li, Y., Huang, X., Huang, X., Gao, X., Hu, R,, Yang, X., He, Y.-L. (2023). Machine learning and multilay-
er perceptron enhanced CFD approach for improving design on latent heat storage tank. Applied energy,
347, 121458.

[25] Lee, D., Ooka, R., Matsuda, Y., Ikeda, S., Choi, W. (2022). Experimental analysis of artificial intelli-
gence-based model predictive control for thermal energy storage under different cooling load conditions.
Sustainable Cities and Society, 79, 103700.

[26] Zhou, X., Xue, S., Du, H., Ma, Z. (2023). Optimization of building demand flexibility using reinforce-
ment learning and rule-based expert systems. Applied energy, 350, 121792.

[27] Kang, C.-S., Hyun, C.-H., Park, M. (2015). Fuzzy logic-based advanced on—off control for thermal com-
fort in residential buildings. Applied energy, 155, 270-283.

[28] Marvuglia, A., Messineo, A., Nicolosi, G. (2014). Coupling a neural network temperature predictor and a
tuzzy logic controller to perform thermal comfort regulation in an office building. Building and Environ-
ment, 72, 287-299.

[29] Yao, L., Huang, L.-Y., Teo, J. C. (2025). HVAC control based on reinforcement learning and fuzzy reason-
ing: Optimizing HVAC supply air temperature, flow rate, and velocity. Journal of Building Engineering,
103, 112143.

[30] Wei, Z., Calautit, J. (2023). Evaluation of model predictive control (MPC) of solar thermal heating sys-
tem with thermal energy storage for buildings with highly variable occupancy levels. Building Simulation,

16(10), 1915-1931.

TTMD International HVAC&R Technologies Symposium 85




XVII TTMD I"_
<‘/ TTMD  INTERNATIONAL HVAC&R g
,,,,,,,,,, e TECHNOLOGIES SYMPOSIUM  MAY 2I

ARTIFICIAL INTELLIGENCE IN BUILDINGS

THE IMPACT OF CONDENSER DESIGN ON THE PERFORMANCE OF
HEAT PUMP INTEGRATED WATER HEATERS

imge KARAKOC', Levent COLAK?
'Baskent University, Graduate School of Natural and Applied Sciences, Mechanical Engineering, Ankara, Tlrkiye
2Baskent University, Faculty of Engineering, Mechanical Engineering Department, Ankara, Turkiye
Corresponding email: imgekarakoc@gmail.com

SUMMARY

This study investigates the impact of condenser geometry and tank thermal stratification on the performance
of a heat pump integrated domestic hot water system. Unlike conventional approaches that assume uniform
or average temperature conditions, this work considers the condenser—tank interaction as a spatially and tem-
porally varying process. An experimental setup consisting of an air-source heat pump integrated with a storage
tank was analyzed. The condenser was configured as a wrapped-around serpentine coil on the external surface
of the tank. Surface temperature measurements were obtained at multiple points along the condenser using
an infrared thermometer, while internal tank temperatures were monitored at three vertical positions. A data
processing methodology was developed to define region-specific reference tank temperatures based on a ver-
tically continuous temperature profile, enabling a more physically representative evaluation of local driving
temperature differences. The results indicate that the condenser does not operate under uniform temperature
conditions. Significant temperature differences were observed along the vertical direction of the condenser,
directly influenced by the stratified temperature distribution inside the tank. The experimental coefficient of
performance (COP) was calculated as 2.45, showing deviation from typical nominal values due to non-uniform
boundary conditions. The findings further reveal that thermal interaction is not uniformly distributed along
the condenser, with certain regions exhibiting higher relative thermal driving potential than others, particularly
in the middle-lower section. The study demonstrates that condenser performance in such systems should not
be evaluated based on average temperature assumptions. Instead, a regional and time-dependent analysis is re-
quired. The presented methodology provides a foundation for future parametric and thermodynamic analysis
of condenser design, including variations in geometry, coil spacing, and surface area.

Keywords: Heat pump water heating, Thermal stratification, Condenser design, Spatial temperature distribu-
tion, Regional analysis

1 INTRODUCTION

Heat pump integrated water heaters are increasingly used due to their high energy efficiency and role in low-car-
bon heating applications [1], [2]. The performance of such systems is strongly influenced by condenser config-
uration and thermal stratification within the storage tank [1]-[4].

In conventional analyses, the condenser is typically assumed to operate under uniform temperature conditions.
However, in storage-type systems, thermal stratification leads to inherently non-uniform temperature distribu-
tions, resulting in spatially varying boundary conditions along the condenser surface.

In wrapped-around condenser configurations, the interaction between condenser geometry and tank stratifica-
tion plays a critical role in determining system performance. Despite this, most studies still rely on simplified
approaches that neglect local temperature variations.
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This study experimentally investigates the influence of condenser geometry and tank stratification on system
performance by treating the condenser as a spatially distributed heat transfer component. To the best of the
authors’ knowledge, a regional analysis based on profile-derived local driving temperature differences combined
with area-weighted heat transfer indicators has not been systematically applied in this context.

2 MATERIAL AND METHOD

2.1 System description

The system analyzed in this study consists of an air-source heat pump integrated with a domestic hot water
storage tank. The condenser is configured as a serpentine coil wrapped around the external surface of the tank,
allowing heat transfer through the tank surface without an intermediate heat exchanger.

The condenser tube has a D-shaped cross-sectional geometry, as shown in Figure 1, which increases the effective
contact interface between the condenser and the tank wall and influences local heat transfer behavior.

Figure 1. Cross-sectional geometry of the condenser tube used in the study, showing the D-shaped profile that
increases the contact surface with the tank wall.

Due to this configuration, the thermal boundary conditions along the condenser vary in the vertical direction.
Therefore, the condenser is treated as a spatially distributed heat transfer component rather than an isothermal
surface.

The vertical distribution of the coil results in distinct thermal regions along the tank height. These regions inter-
act with the stratified temperature field inside the tank, making condenser geometry a key parameter affecting
local heat transfer potential.

2.2 Experimental setup and measurements

Temperature measurements along the condenser surface were performed using an infrared thermometer (IR)
at selected spiral locations. The measurement points and the defined vertical regions (B1-B5) are illustrated in
Figure 2.
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Figure 2. Experimental observation of the wrapped-around condenser and definition of vertical regions
(B1-B5) used for analysis

The condenser was divided into five vertical regions to capture spatial variations in heat transfer behavior along
the tank height. The corresponding tank temperature levels (T1-T3) represent the upper, middle, and lower
regions of the tank.

The tank temperature distribution was monitored using three vertically positioned sensors (T1-T3). The exper-
iment was conducted from an initial representative tank temperature of 16.9 °C to a final tank temperature of
47.8 °C, with a set temperature of 55.0 °C. Measurements were recorded at 5-minute intervals during the initial
phase and at approximately 30-minute intervals thereafter.

Electrical energy consumption was measured using an energy analyzer, and the electric heater was disabled
during the test. The main experimental conditions and measurement parameters are summarized in Table 1.

Table 1. Experimental test conditions and measurement parameters

Parameter Value

Initial representative tank temperature based on measured 16.9 °C

sensor values (T'1-T2-T3)

Final tank temperature 47.8°C

Temperature increase (AT) 30.9 °C

Set temperature 55.0 °C

Average ambient temperature 17.4°C

Measurement interval 5 min (initial), 30 min (later stage)
Surface measurement method Infrared thermometer

Tank temperature measurement 3 vertical sensors (T'1-T3)
Electrical energy measurement Energy analyzer (power meter)
Electric heater status Disabled
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2.3 Determination of condenser temperature distribution

A vertically continuous temperature profile T(z) was reconstructed based on the discrete tank temperature
measurements (T'1-T3). This profile was used to determine spatially representative reference tank temperatures
for each condenser region by averaging T(z) over the corresponding vertical boundaries.

2.4 Coupling between condenser and tank temperature

The spatial relationship between condenser regions and corresponding tank temperature levels is illustrated in
Figure 3.

Figure 3. Schematic representation of condenser regions (B1—-B5) and their corresponding tank temperature levels
(T1-T3), illustrating the spatial coupling between condenser surface and stratified tank temperature distribution.

As shown in Figure 3, each condenser region is associated with a reference tank temperature obtained from the
vertically continuous temperature profile T(z), calculated as the average temperature over the spatial boundaries
of the corresponding region.

2.5 Thermodynamic analysis

The thermal energy stored in the tank was calculated using:
Qiank =M €y - (Trinar — Tinitial) (1)

where m is the effective water mass (180 kg), ¢, is the specific heat capacity of water (4.186 kJ/kg-K), and AT
represents the temperature difference between the initial and final states.

Based on the experimental measurements, the stored thermal energy was 6.44 kWh, while the electrical energy
consumption was 2.63 kWh.

The experimental coefficient of performance (COP) was calculated as:

== Qtank
COP = Siank 2)

el

resulting in a value of 2.45.
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The experimentally obtained COP value of 2.45 is lower than the manufacturer-declared value of 3.66, indicat-
ing the impact of real operating conditions. This deviation can be attributed to several real operating condition
effects, including non-uniform thermal boundary conditions and stratification phenomena, which are not fully
represented in nominal performance ratings. Similar deviations have been reported in the literature due to con-
densation temperature variations, pressure drops, and system-level inefficiencies [6], [7].

Assumptions

2.6 The following assumptions were made:
* Temperature variations between unmeasured spiral locations were approximated using linear interpolation.

* Regional reference temperatures are defined based on the vertically continuous tank temperature profile T(z),
representing the average thermal state of the fluid within the spatial extent of each condenser region.

* Tank temperature distribution was assumed to be primarily vertical, consistent with stratified storage tank
behavior.

* Surface temperature measurements were performed using an infrared thermometer with a manufacturer-spec-
ified accuracy of +1 °C under laboratory conditions, which was considered sufficient for capturing the
relative temperature variations along the condenser.

3 RESULTS AND DISCUSSION

3.1 Condenser temperature distribution

Surface temperature measurements along the condenser, presented in Figure 4, indicate a clear non-uniform
temperature distribution in the vertical direction. Upper regions heat up faster and reach higher temperatures,
while lower regions remain at lower temperature levels for a longer duration.

This behavior demonstrates that the condenser cannot be accurately represented using uniform temperature
assumptions.
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Figure 4. Surface temperature variation along the condenser serpentine

3.2 Tank stratification

The temperature measurements inside the tank confirm the presence of strong thermal stratification. Figure 5
shows the temperature evolution at three vertical levels inside the tank.
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Figure 5. lank temperature distribution at three vertical levels

The upper region (T'1) reaches the target temperature faster, whereas the lower region (T3) remains at a signifi-
cantly lower temperature throughout most of the heating process. This stratification behavior directly influences
the temperature distribution along the condenser, as discussed in the following section.

3.3 Interaction between condenser and tank

The experimental results show that the condenser temperature distribution is directly influenced by the strat-
ified temperature field inside the tank. The regional condenser surface temperatures, presented in Figure 6,
highlight clear non-uniform thermal behavior along the vertical direction.

0 5000 100Bman ($p000 20000 25000

Figure 6. Regional average condenser surface temperatures

Different regions of the condenser operate under distinct temperature levels, indicating that the condenser
behaves as a spatially distributed heat transfer component rather than an isothermal surface. Consequently, it
cannot be accurately represented using a single average temperature and must be evaluated based on region-spe-
cific boundary conditions.

This non-uniform behavior directly affects the local driving temperature difference, which is analyzed in the
following section.

3.4 Performance evaluation

The time-dependent variation of the representative driving temperature differences (AT,—ATs) is presented in
Figure 7.
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Figure 7. Time-dependent variation of regional driving temperature difference (AT)

These results indicate that the thermal interaction between the condenser and the tank varies both spatially and
temporally throughout the heating process. In the early stage of the test, higher AT values were observed in the
upper condenser regions, while the middle and lower regions exhibited relatively higher thermal driving poten-
tial during the later stages due to the evolving vertical temperature distribution inside the tank.

The results reveal a region-dependent thermal behavior associated with tank stratification. Among the evalu-
ated regions, AT maintained relatively high positive values during a significant portion of the heating period,
indicating a comparatively stronger thermal driving potential in the middle-lower section of the condenser. In
contrast, AT5 exhibited lower but more sustained positive values over time.

Negative AT values observed in certain regions do not directly indicate a reversal of local heat transfer direction.
These values arise from the relative relationship between the regional condenser surface temperature and the
corresponding reference tank temperature defined by the vertical temperature profile approach.

Overall, the findings indicate that condenser performance is strongly influenced by stratified tank conditions
and region-dependent thermal interaction. Consistent with these findings, previous studies have also reported
that local temperature variations and spatially varying thermal interaction characteristics can significantly in-
fluence overall system performance and efficiency under stratified operating conditions [2], [4]. This behavior
is considered one of the factors contributing to the deviation between experimental and nominal COP values.

3.5 Implications for condenser design

The findings demonstrate that condenser design should not be based solely on total heat transfer area. Instead,
the results show that thermal interaction varies along the condenser, with some regions exhibiting higher relative
thermal driving potential than others.

In particular, the middle-lower region exhibited relatively higher thermal driving potential compared to the
other regions, indicating that geometric parameters such as coil distribution, vertical placement, and spacing
should be evaluated together with tank stratification characteristics.

These results highlight that effective condenser design requires consideration of region-dependent heat transfer
behavior rather than relying on uniform or average assumptions.

The proposed methodology provides a physically grounded basis for future parametric and thermo-economic
evaluations of condenser design.
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CONCLUSION

This study experimentally investigated the influence of condenser geometry and tank stratification on the per-
formance of a heat pump integrated water heater system. The results demonstrate that:

* The condenser operates under spatially non-uniform temperature conditions.

* Thermal stratification significantly influences condenser performance.

* Thermal interaction varies along the condenser under stratified conditions.

* Average temperature assumptions are insufficient for accurate performance evaluation.

The proposed methodology enables the evaluation of condenser behavior based on regional temperature distri-
butions and time-dependent thermal interaction characteristics.

The experimentally measured electrical energy consumption was 2.63 kWh, whereas an equivalent electric
resistance heating system would require approximately 6.44 kWh to provide the same thermal energy increase,
corresponding to an estimated electrical energy demand reduction of approximately 59%.

Future work will focus on evaluating the effects of condenser surface area, contact geometry, vertical coil dis-
tribution, and spiral spacing on the thermal interaction behavior of the system. These investigations will be
supported by exergy-based and thermo-economic approaches to identify condenser configurations that improve
performance while maintaining cost effectiveness.
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Abstract

This study addresses the inverse problem of reconstructing high-resolution thermal fields in air-cooled data
centers from sparse sensor measurements. Unlike conventional surrogate modeling approaches that focus on
forward prediction, the proposed framework employs a Physics-Constrained Neural Network (PCNN) to infer
complete temperature distributions from limited observations. The model integrates thermodynamic principles
and heat transfer constraints into the learning process, ensuring physically consistent reconstruction in regions
without direct measurements. Trained on CFD-generated data, the framework achieves a mean absolute error of
0.75 °C across unseen conditions. Importantly, the model maintains accuracy not only at observed locations but
also in unobserved regions, demonstrating strong generalization under sparse data conditions. In contrast, un-
constrained neural networks exhibit non-physical artifacts and systematically underestimate peak temperatures.
With an inference time of approximately 1 ms per field, the proposed approach enables real- time virtual sensing
and provides a scalable alternative to dense sensor deployment. The framework offers a robust foundation for
digital twin applications and continuous thermal monitoring in operational data centers.

Keywords: Data Center Cooling, Neural Networks (PINN), Virtual Sensing, Sparse Data Reconstruction,
Thermal Digital Twin

1. Introduction

Modern data centers require continuous thermal monitoring to ensure safe and efficient operation. However,
high-resolution temperature measurements are difficult to obtain due to limitations in sensor density, installa-
tion cost, and system complexity. As a result, thermal management often relies on sparse and indirect measure-
ments, which are insufficient to capture localized hotspots and spatial gradients.

This challenge is further amplified by the growing energy demand driven by cloud computing, artificial intel-
ligence, and large-scale digital infrastructure. Cooling systems account for nearly 30-40% of total operational
power consumption in data centers [1, 9]. Zhang et al. [1] highlighted the importance of efficient cooling sys-
tems for sustainable operation, while Zhao et al. [2] identified temperature gradients and hotspot formation as
key contributors to energy inefficiency and thermal risk.

This limitation defines an inverse problem: reconstructing the full thermal field from incomplete observations.
Classical approaches rely on interpolation techniques, which lack physical grounding, or computational fluid
dynamics (CFD), which is computationally expensive for real-time applications. Although CFD-based studies
have shown that airflow management can improve thermal performance [3, 10], their cost limits their use in
real-time monitoring and control.

Dense sensor deployment further increases system complexity and instrumentation requirements, making
high-resolution monitoring impractical [4]. Consequently, sparse sensing strategies have gained attention for
reconstructing full thermal fields from limited data. Wang et al. [5] proposed an analytical-solution-embedded
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neural network for 3D temperature reconstruction, while Wang et al. [11] demonstrated that optimized sensor
placement can reduce hardware requirements while maintaining accuracy.

Recent advances in physics-informed machine learning provide a promising alternative by embedding physical
laws into data-driven models. Physics-informed neural networks (PINNGs), introduced by Raissi et al. [7], incor-
porate governing equations such as Navier—Stokes, continuity, and energy conservation into the loss function,
improving physical consistency while reducing data requirements. Karniadakis et al. [8] further demonstrated
their robustness compared to purely data-driven models. PINNs have also been successfully applied to recon-
struct flow fields from sparse and noisy measurements [4], highlighting their potential for thermal field recon-
struction.

Despite these developments, the application of physics-constrained learning to sparse thermal field reconstruc-
tion in air-cooled data centers remains limited.

The present work proposes a physics-constrained deep learning framework for reconstructing temperature fields
from sparse observations, focusing on physical consistency, robustness, and reliable hotspot detection. This
study targets full-field reconstruction from limited measurements. By embedding physical constraints into the
learning process, the model enables stable and physically consistent predictions in unobserved regions. This ap-
proach addresses the ill-posed nature of sparse sensing and provides a foundation for virtual sensing, real-time
monitoring, and digital twin applications in data centers.

2. Methodology

2.1. CFD Model and Computational Domain

The CFD dataset used in this study represents a standard server rack cooling configuration and includes var-
iations in inlet velocity and temperature and provides spatial temperature fields for supervised learning. For
brevity, detailed geometric and numerical descriptions are not repeated.

2.2. Neural Network Model

Our previous study [13] introduced a physics-constrained neural network (PCNN) framework for forward
prediction and optimization of data center cooling performance. In that work, the model was trained to predict
temperature fields given operating conditions and was coupled with optimization algorithms to improve cool-
ing efficiency. The network architecture combined Fourier feature encoding residual neural networks to capture
multi-scale spatial variations. The present study adopts the same architectural framework but addresses a funda-
mentally different problem: reconstruction of full thermal fields from sparse measurements. Figure 1 illustrates
the architecture of the proposed physics-constrained neural network (PCNN). In the figure

L = Ligta + )\ﬁphy.ﬁcs
where the physics term enforces energy consistency and physically admissible temperature distributions.

The model takes spatial coordinates (x z)and flow velocity V as inputs, which are encoded using spatial and
parametric Fourier features and processed through residual blocks. The network predicts the temperature dif-
ference A7, while training is guided by a combined data and physics-based loss.
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The physics term, progressively enforced through a curriculum strategy, enables physically consistent predic-
tions even in regions with sparse data.

2.3. Dataset Generation

A total of 15 CFD cases are generated using a full factorial design based on inlet velocity and temperature. The
inlet velocity varies as:

V=0.5,0.75,1.0, 1.25, 1.5 m/s
while the inlet temperature is defined as:
T, =18,22.5, 27°C
Temperature data are extracted from a horizontal plane

A uniform grid of 24x24points yield 576 spatial data points per case and a total of 8,640 data points across the
dataset, which are used for training and validation.

2.4. Physical Interpretation of the Flow Field

Cold air enters the domain and is forced through narrow channels between server cards, enhancing convective
heat transfer. As the flow progresses, it absorbs heat from GPU and PCB regions, leading to a temperature rise
along the flow direction.

The confined geometry induces channeling behavior with localized velocity accelerations and strong thermal
gradients. Hotspots occur near GPU locations, while the outlet flow removes accumulated thermal energy.
These characteristics highlight the complexity of thermal field prediction and justify the use of physics-in-
formed surrogate models.

2.5. Training Setup

The PCNN is trained using a six-stage curriculum learning strategy to ensure stable convergence and progres-
sive enforcement of physical constraints. Training begins with a data-dominated warmup phase, followed by
gradual increase of the constraint weight w_c, enabling the model to satisfy governing physical laws. The final
stages emphasize strict physical consistency and refined accuracy.

2.6. Physics-Constrained Learning

The model incorporates physics-based constraints derived from heat transfer principles, conservation laws, and
observed flow behavior. These constraints enforce physically consistent relationships, bounded temperature

fields, and global energy balance.

In sparse reconstruction, they act as structural priors that regularize the inverse problem and prevent non-phys-
ical solutions in regions without measurements.

2.7. Training and Validation

The PCNN is trained on the CFD dataset using the described curriculum strategy and evaluated on unseen
interpolation cases within the training parameter space.

Validation cases are designed to require interpolation in velocity, temperature, or both, allowing assessment of
full-field reconstruction capability rather than simple data reproduction. The model achieves stable convergence
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with sub-degree accuracy and no signs of overfitting.

Compared to an unconstrained neural network, the PCNN significantly improves reconstruction accuracy
while maintaining physically consistent behavior across unseen cases.

3. Results and Discussion

The performance of the proposed physics- constrained neural network (PCNN) is evaluated in terms of recon-
struction accuracy, physical consistency, and robustness under sparse data conditions. This indicates that the
reconstruction is governed by physical constraints rather than interpolation between sparse measurements.

Figure 2 shows the PCNN-predicted temperature fields for all training cases across varying inlet velocities
(V=0.5-1.5 m/s) and temperatures (7;,=18-27°C). A distinct hotspot consistently appears at the GPU location,
with realistic gradients indicating accurate capture of conduction—convection behavior.

PINN v — 18 Training Cases

am

)

: wdml i ko = wim| |Im!al afm}
Figure 2: PCNN-predicted temperature contours for all training cases across velocity and inlet temperature
variations.

Figure 2: PCNN-predicted temperature contours for all training cases across velocity and inlet
temperature variations.

Higher inlet velocities reduce peak temperature and enhance the thermal wake, while higher inlet temperatures
shift the field upward without altering its structure. The absence of spurious peaks confirms physical consist-
ency.

Validation cases using unseen intermediate velocities (V=0.62, 0.85, 1.10 m/s) demonstrate that the PCNN
accurately reconstructs temperature fields through interpolation, outperforming an unconstrained model.

Table 1 summarizes the reconstruction performance under sparse sensing conditions. The unconstrained neural
network consistently underpredicts peak temperatures, with errors ranging from -3.60°C to -5.08°C, indicat-
ing a systematic bias that may lead to unsafe thermal assessments. In contrast, the PCNN achieves high accuracy
across all cases, with small positive errors between +0.55°C and +0.94°C and a mean absolute error (MAE) of
0.75°C
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Table 1: Reconstruction performance under sparse sensing. Note that these values correspond to reconstruction
accuracy rather than forward prediction error

Case V (m/s) Tin Fluent PCNN NNTmax PCNN NN Error
(°C) Tmax (°C) Tmax (°C) (°C) Error (°C) (°C)
1 0.62 20 87.40 87.98 83.80 +0.58 -3.60
2 0.62 25 92.43 92.98 88.80 +0.55 -3.63
3 0.85 20 81.72 82.66 76.64 +0.94 -5.08
4 0.85 27 88.72 89.66 83.64 +0.94 -5.08
5 1.10 22 79.62 80.37 75.24 +0.75 -4.38
MAE - - - - - 0.75 4.35

4, Limitations

First, the study is limited to a single server rack within a 20 m x 5 m domain. Effects such as multi-rack in-
teraction, airflow recirculation, and room-scale redistribution are not captured, making the trained PCNN
configuration-specific and requiring retraining for different layouts.

Second, both CFD simulations and PCNN predictions are restricted to steady-state conditions, whereas real
data centers exhibit transient behavior due to workload variability and environmental fluctuations.

Third, the model is trained on a single horizontal plane at y = 1.02 m, neglecting full three-dimensional effects
such as buoyancy-driven stratification. Additionally, validation is performed only against CFD data, meaning
any CFD inaccuracies are directly learned by the model. A formal grid independence study was not conducted,
and discretization errors remain unquantified despite residual convergence (<1x107).

Finally, the dataset is limited to V'€ [0.5,1.5] m/s and T}, € [18,27°C], so performance outside this range has
not been evaluated. The individual contribution of the 11 physics constraints was also not isolated, leaving the
optimal constraint set unclear.

5. Conclusion

This study presents a physics-constrained deep learning framework for reconstructing temperature fields in air-
cooled data centers from sparse sensor data. By embedding governing physical principles into the loss function,
the PCNN achieves high accuracy while maintaining physical consistency. This confirms that the reconstruc-
tion problem is regularized by the imposed physical constraints, which restrict the solution space to physically
admissible states.

The PCNN does not reconstruct the field through interpolation between sensor points, but by enforcing phys-
ically admissible solutions constrained by global energy behavior.

Compared to an unconstrained model, the PCNN significantly improves reconstruction accuracy and exhibits
a slight conservative bias, which is beneficial for thermal safety.

The framework also offers a major computational advantage, predicting full temperature fields in approximately
1 ms compared to nearly 60 minutes for CFD. These results demonstrate that physics-constrained learning is
an effective alternative to CFD, particularly for real-time monitoring and applications involving sparse data.
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SUMMARY

Centrifugal and Electronically Commutated (EC) fan types were compared with using Al tool. Reference work-
ing points according to air handling unit sizes were determined to select fans. With using fan suppliers’ software,
a dataset that has 10651 data includes fan power and revolutions for 81 fan models was created. Dataset was
used to train Al tool and then all analyses were made by Al tool giving suitable prompts.

Analyses were made for 1000 - 40000 m?/h airflow range and 150, 450 and 900 Pa pressure differences. For
150 Pa, centrifugal fans consume less power than EC fans while for other pressure differences EC fans consume
less power. At working point of 7500 m?/h and 450 Pa, when considering cheapest centrifugal fan and EC fan
with lowest power, return of investment (ROI) of EC fan is between 1 and 3 years for between 1500 and 4500
annual operating hours. ROl is less than 1 year for 900 Pa at any annual operating hour. It is concluded that EC
fans get much more suitable when pressure difference and/or annual operating hours increase.

INTRODUCTION

Artificial intelligence (Al) is widely used for data analysis in HVAC control systems. In a building energy man-
agement system, by analyzing data from sensors, the system can be maintained at its optimal operating point
with the lowest possible energy consumption. Yayla et al. [1] achieved 10% energy saving with using Al based
control mechanism compared to traditional control systems. A systematic review was made by Aghili et al. [2]
about Al usage in energy management systems. In addition to data analysis, Al usage in engineering calculations
and analyses is also increasing. Chou & Bui [3] achieved to use Al approaches to predict heating and cooling
loads of buildings below 4% mean absolute percentage error. Mazuroski et al. [4] reduced the computational
time using Al for building performance simulations.

In this study, an Al tool was trained using a dataset containing a wide range of fan performance values. Com-
parisons and analyses were then carried out using appropriate prompts. The results were generated graphically
by the Al The results were interpreted and presented.

MATERIAL AND METHODS
Reference value analysis

To select a fan, airflow rate and pressure difference are required parameters. 6 different cross section velocities
thatare 0.5, 1, 1.5, 2, 2.5 and 3 m/s and 4 different air handling unit (AHU) cross sections that are 0.36, 1.54,
3.54 and 8 m2 were used to obtain different air flow rates. For pressure difference calculation, a supply AHU
comprised dampers, filters, coils, electric heater, humidifier and silencer was taken as a reference unit as shown
in Figure 1. For each cross section, components were selected and pressure difference were calculated for each
cross-section velocities with using Airovision [5] AHU selection software. With this way 24 reference working
points (air flow and pressure difference) were obtained.
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Figure 1. Reference air handling unit (AHU), 1. Inlet damper, 2. Panel and bag filters, 3. Heating coil,
4. Cooling coil, 5 Electric heater, 6. Humidifier, 7. Fan, 8. Silencer, 9 Outlet damper.

Using these 24 reference points, a method to calculate pressure difference depending on the cross-section area
and cross section velocities were created to increase reference points. In this method 0.36 m2 was taken ref-
erence AHU cross section size. First pressure difference for reference AHU size was calculated depending on
the cross-section velocity with using Equation 1. And then cross section correction applied to obtain pressure
difference for other AHU size. Cross section correction is calculated using Equation 2. R is cross section ratio
between reference AHU size and real AHU size. With this method pressure differences were obtained for all
other AHU sizes dynamically. Total 54 reference points were calculated.

APy = 7805 v? + 86.85v Equation 1

AP = AP, (0.0002 R?2 — 0.0115 R + 1.0129) Equation 2

Fan dataset

For working points obtained from reference value analysis, suitable fans were selected with using supplier se-
lection software. For centrifugal fan Comefri selection software [6] and for EC fan EBM selection software
[7] were used. To increase working points, 6 additional pressure differences were added for each airflow rate.
Pressure differences were increased up to 300 Pa with 50 Pa step for each air flow rate to get additional working
points. As a result, total 324 working points were used to select fans.

For each point, suppliers’ selection software can give a list of suitable fans. That means for each working point
there is more than one fan that has different performance values. To get fan models and their performance values
a small software was developed. Thanks to run this software, dataset includes fans and their performance values
was obtained. In this dataset there are 5726 data for 40 different centrifugal fan models and 4925 data for 41
different EC fan models. Each data has fan shaft power and rpm values for working points.

Al tool

This study’s aim is to make comprehensive analysis using Al tool. For that reason, fan datasets which Al tool
need were created. ChatGPT [8] was used as Al tool in this study. To train Al tool, centrifugal fan dataset and
EC fan dataset loaded separately. Then to test Al, random working points that have not included dataset, was
given Al and asked for selection of suitable fans. In test stage, Al decided to use interpolation instead of any
machine learning models since dataset includes enough data to predict fan performance for any working point
request. One strict condition has determined that is requested working point has to be inside dataset’s minimum
and maximum points. If any points are outside of dataset, Al doesn’t suggest any fan.

After training Al tool, comparison analyses were made with directing Al with suitable prompt. Results shown
in graphical were created by Al tool.
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RESULTS and DISCUSSION

To compare centrifugal and EC fan types, air flow range between 1000 and 40000 m?/h was used since most
reference working points are in this range. In comparisons, fans that have minimum absorbed power were se-
lected by Al tool for each fan type at any working point. For centrifugal fan type 2 parallel fan option and for
EC fan type up to 5 parallel fan options were considered when selecting suitable fans.

Figure 2. shows absorbed power comparison for 150 Pa pressure difference. Absorbed power for EC fans is taken
from dataset. For centrifugal fans, absorbed power is calculated with taking into account of fan shaft power,
motor efficiency and belt-pullet system efficiency. Fan shaft power is taken from dataset. Motor efficiency and
belt-pulley system efficiency assume as 0.9 and 0.92 respectively. Figure 2. also shows EC fan advantage per-
centage. Negative percentage means that EC fan absorbed power is bigger than centrifugal fan. It can be seen
that all points except 5000 m?/h centrifugal fan have smaller power than EC fan. There is no any trend between
power advantage and airflow rate. Result in point at 5000 m*/h is different than other points. Probably there is
no enough data to select smaller power in centrifugal fan model. Dataset should be expanded considering these
results.
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Figure 2. Absorbed power comparison at 150 Da.

Figure 3 shows EC advantage in different pressure differences. It can be seen that EC fans have smaller power
than centrifugal fans for 450 and 900 Pa. When pressure difference increases, EC fan type is suggested for al-
most all airflow rates. EC fan advantage percentage is not related to airflow rate or pressure difference. Advan-
tage percentage has no similar trend.
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Figure 3. EC fan advantage percentage between fan types with lowest power

Initial cost differences between EC fan and centrifugal fan are shown in Figure 4 for selections at 450 Pa. Cost of
centrifugal fans include motor and belt pulley prices. All points except two of them EC fan is much expensive.
Maximum difference is 71.1% at 7500 m?/h. Figure 4 also shows EC fan annual energy savings. Except one
point EC fans save energy compared to centrifugal fans. Saving of the EC fan is broken at 35000 m?/h. This
point should be examined in deep to be sure that Al is working correctly.
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Figure 4. Initial cost and annual saving comparison at 450 Pa.
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Generally EC fans consume less annual energy than centrifugal fans however EC fans are more expensive than
centrifugal ones. For that reason, usage of EC fan should be evaluated with annual energy saving cost. To
consider both initial cost and energy saving cost, return of investment (ROI) should be calculated. To do this,
annual operating hours should be determined. Figure 5 shows ROI values for 7500 m?/h that is most cost dif-
ference case. It can be seen that ROI decreases with increasing annual operating hours. In addition, ROl is also
decreasing when pressure difference is increasing for an air flow rate. It can be suggested that for 900 Pa pressure
difference EC fan should be chosen for any annual operating hours for 7500 m*/h.
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Figure 5. Return of investment period of EC fan compared to centrifugal fan with lowest power for 7500 m’/h and 450 Pa.

Generally, cheapest fan is selected for a required working point among suitable fans. For that reason a compar-
ison was made between cheapest fan and the fan with the lowest absorbed power. Figure 6 shows ROI values
for fans with lowest absorbed power according to cheapest fan at 7500 m?/h. For among centrifugal fans, select-
ing fan with lowest power is highly suggested for any annual operating hours and any pressure difference. For
among EC fans, selecting fan with lowest power can be recommended for annual hours bigger than 2000 h for
900 Pa and 3500 for 450 Pa. Additionally when considering all fans together, it is strongly recommended that
EC fans with lowest power should be selected for any working point and any operating hours.
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Figure 6. Return of investment period for fans with lowest power compared to fan with cheapest cost
Jor 7500 m?/h and 450 Pa.
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CONCLUSION

To compare EC and centrifugal fans with assisting Al tool, a comprehensive dataset was created. Giving dataset,
some restricts and directions to Al tool, results were obtained. All the graphs in this study were generated using
an Al tool.

Comparisons were made for airflow range between 1000 - 40000 m*/h and for 150, 450 and 900 Pa static pres-
sure differences. Except 150 Pa, EC fans have lowest absorbed power almost all working points. There are few
points that broken this trend. Those points should be examined in deep to be sure Al tool.

Generally EC fan solution is the expensive than centrifugal fan. However, EC fans have annual energy saving.
To determine whether using EC fan has advantage or not, ROI was calculated for different annual operating
hours. Except for the 150 Pa pressure difference, EC fan gets much more suitable when annual operating hours
and/or pressure difference increases for 7500 m?/h airflow rate.

Generally cheapest fan is selected among suitable fans for required working point in applications. When com-
parison between cheapest fan solution and the fan with lowest absorbed power, ROI is always smaller than 3
years and EC fan is always lowest power fan solution.

This study shows that Al tool can be trained via dataset created for related product. And giving suitable restric-
tions and directions, it is a powerful analysis tool. In design stage, Al tools help designers to select components
or systems with suitable ROI. In future studies a ROI analysis method should be developed to obtain a vision
for wide range of airflow rate.
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SUMMARY

The urban heat island (UHI) effect increases building cooling loads, particularly during summer months, lead-
ing to higher energy consumption and greenhouse gas emissions. In this context, accurately predicting building
energy performance is crucial for climate-sensitive planning and developing energy efficiency strategies. Arti-
ficial intelligence (Al)-based prediction models utilise meteorological data (air temperature, relative humidity,
wind speed), remote sensing-based land surface temperature (LST), land use/cover data, building morphology
and historical energy consumption data. The study focused on a residential property in a densely populated area
of Balikesir and used Ladybug to calculate the building’s energy consumption.For calibration, air temperature
and relative humidity measurements were taken using Hobo Onset data loggers over a period of 7 days. The res-
idential unit (apartment) in the multi-storey building was modelled parametrically in the Grasshopper, and the
simulation of the urban heat island effect in the area was carried out using the Dragonfly. The simulations uti-
lised climate data for the year 2050, generated taking into account the effects of the rise in temperature resulting
from the climate crisis. Based on the predicted temperature increase, the temperature of the area was reduced by
balancing the height of the buildings, surface albedo values, and green space ratio parameters using the Dragon-
fly urban optimisation. The thermal performance and energy consumption value of the building were simulated
using Ladybug by integrating the residential structure into the optimised city model. The energy performance
of the residential building in its current state was compared with the optimisation results and analysed.

INTRODUCTION

The rapid growth of urbanisation, high-density development, and the increase in the proportion of impervious
surfaces are adversely affecting microclimate conditions in urban areas, leading to higher temperatures than
in rural areas. This phenomenon is known as the Urban Heat Island (UHI) effect [1]. Rising temperatures
increase cooling loads within buildings and drive up energy consumption. Furthermore, increased energy con-
sumption leads to increased greenhouse gas emissions [2]. The link between rising energy demand and climate
change has made energy-efficient solutions in cities a critical area of research. The United Nations” Sustainable
Development Goals (SDG 7: Affordable and Clean Energy; SDG 11: Sustainable Cities and Communities)
aim to develop energy-efficient design proposals for cities and ensure optimal energy performance in residential
buildings [3, 4]. Reducing energy consumption in homes, where individuals spend most of their day, impacts
environmental sustainability and economic efficiency [5].

The UHI effect is a significant environmental challenge that must be addressed today, given rising energy
consumption and adverse climatic conditions [6]. The literature contains studies aimed at mitigating the UHI
effect. However, these studies largely adopt simulation-based approaches. Table 1 analyses the effects of the
UHI on building energy performance, taking into account studies conducted in the literature from 2020 to the
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present, meteorological data, methodology, region, and the use of artificial intelligence. A study conducted in
the United States [7] investigated the effects of the UHI on energy consumption in buildings. To achieve the
study’s objective, simulation and sensitivity analysis methods were employed. Rhino/Grasshopper was used to
model the study area parametrically, and UHI simulations were carried out using the UMI. EnergyPlus was
used to perform the energy simulations for the buildings in the area. The results of the study indicate that the
UHI reduces the annual heating load in buildings by 7.5% whilst increasing the cooling load by 21.2% [7]. A
study conducted in Diyarbakir in 2022 aimed to identify areas potentially affected by the UHI and produced
surface temperature maps (LST) of these areas using Landsat 7. The study found that temperatures in areas
where the UHI effect could be observed were approximately 14% higher than in rural areas [8]. In a 2023
study conducted in Abdi Tebriz, a parametric urban model was created in Rhino/Grasshopper to investigate the
intensity of the UHI effect of urban forms, and a UHI simulation was performed using Dragonfly. The study
found that UHI effects from different urban forms vary with the seasons. UHI intensity is highest in rectangular
forms during warm periods, whilst it is highest in L-shaped forms during cold periods [9]. A 2024 study exam-
ining skyscrapers in Istanbul investigates their impact on surface temperatures in these areas. The study utilised
Geographic Information Systems (GIS) as a method and generated Land Surface Temperature (LST) maps of
the areas. The results indicate that, despite the shading effect of skyscrapers, their unplanned development has
increased surface temperatures by approximately 10% [10].

Table 1. Previous Works about UHI.

Paper, Year Region Method Tool(s) Al Future Weather
Projection
This paper,  Balikesir, Machine Learning, Rhino/Grasshopper, + 2050
2026 Tirkiye Simulation, Dragontfly, Ladybug
Optimisation

[11],2020 Duran, Simulation UWG, TRNSYS, ArcGIS, N/A N/A
Ekvador

[13],2020  Austin, Simulation Artificial Neural Network + N/A
Texas, ABD

(71, 2021 Des Moines, Simulation and Rhinoceros,Grasshopper, N/A N/A
Iowa, ABD  Sensitivity Analysis UMI EnergyPlus

[8], 2022 Diyarbakir, Remote Sensing, =~ Landsat TM 7, Landsat TM  N/A N/A
Turkiye GIS 8, Arc-GIS 10.2

[14],2022  Adana, Remote Sensing, =~ LANDSAT 8 OLI/TIRS N/A N/A
Turkiye Data Analysis

[9], 2023 Tabriz, Iran ~ Simulation Rhino Grasshopper, N/A N/A

Ladybug, Honeybee,
Dragonfly, UWG

[12],2023  Wuhan, Observation, ArcMap, ANSYS Fluent N/A N/A
China Fieldwork, CFD
Numerical
Simulation
[10], 2024  Istanbul, Remote Sensing, ~ ARCGIS, Landsat TM 5 N/A N/A
Turkiye GIS (1990, 2009) Landsat 8

(OLI-TIRS) (2021)

In recent years, advances in artificial intelligence (Al) and data-driven methods have increased the likelihood
of obtaining highly accurate predictions. Al-supported approaches enable an integrated assessment of the UHI
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effect on building energy performance [15]. Although some simulation and data-driven studies in recent years
have utilised Al applications, the vast majority of these approaches do not integrate future climate projections
into their analyses [16]. This situation makes it difficult to develop an urban model that will ensure long-term
accuracy. Within this scope, the study aims to develop an Al-based optimisation framework sensitive to future
climate projections in UHI simulations, with the objective of developing an optimal urban model for at least
30 years. Furthermore, the study investigates the effects of design decisions made at the urban level on energy
consumption at the building scale.

MATERIAL and METHOD

This study investigates the impact of optimising the UHI effect on energy consumption in residential buildings
in Balikesir, which has a Mediterranean (CSA) climate type according to the Kdppen-Geiger classification. For
the purposes of the study, the 2" Oruggazi Neighbourhood in Balikesir, characterised by dense urban develop-
ment, was selected. Furthermore, to demonstrate the UHI effect in the region, the study has defined a reference
area located near the study area but with lower levels of urbanisation. The reference area, which differs from
the 2nd Oruggazi Neighbourhood—the subject of the field study—in terms of urbanisation and green space
density, aims to reveal the spatial variation of the UHI effect. Figure 1 shows the study areas using satellite maps.

) " v P

Figure 1. Satellite maps of 2

AN

Oru;gﬂéi Neighbourhood (left) and the reference area (right).

The study examined a residential property in the 2nd Oruggazi Neighbourhood to investigate the energy perfor-
mance of the proposed urban model, developed through optimisations aimed at reducing the UHI effect. The
residential unit under study is situated on the 4th floor of a 7-storey building and is representative of the typical
building character in the area. The unit was physically surveyed using a Hobo device, and its geometric and phys-
ical characteristics were defined within a parametric modelling environment, enabling a detailed analysis of the

UHI effect’s impact on the energy performance of the building. Figure 2 shows the location of the residential unit.

r f 5y ol Ly ™ - T "1"’%?.'
%'1' w AN g A i £ < 1

Figue Location of case building.
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Rhinoceros/Grasshopper has parametrically modelled Oruggazi Mahallesi in Balikesir Province and the select-
ed reference area to represent their urban morphology and surface characteristics. To determine the impact of
UHI in the region, Dragonfly conducted microclimate simulations for a 3-month cooling period using current
climate data.

The study generated climate data for Balikesir in 2050 under the RCP 4.5 scenario using Meteonorm v8 to
assess the long-term effects of climate change. Dragonfly Urban Opt utilised the climate data to optimise the
UHI effect at the urban scale. Using a Genetic Algorithm, it developed alternative urban scenarios by balancing
building heights and surface albedo parameters.

The HOBO Onset Data Logger measured indoor temperature and relative humidity data in the case building.
Grasshopper modelled the case building parametrically. Ladybug conducted energy simulations for both the
existing urban fabric and the optimised urban model. Within this scope, the study comparatively assessed the
effects of urban design interventions aimed at reducing the UHI effect on building energy consumption. Figure
3 summarises workflow of the study.

FINDINGS

The first phase of the study involves creating a parametric model of the urban morphology and surface char-
acteristics of the 2nd Oruggazi neighbourhood and the reference area. The parametric models developed in
Rhino/Grasshopper digitally reflect urban characteristics, including building density, building heights, and the
distribution of open and green spaces. Figure 4 presents the parametric models of the 2nd Oruggazi Neighbour-
hood and the reference area. The figure shows that the 2nd Oruggazi Neighbourhood is denser and has more
storeys than the reference area.

=N

Figure 4. Parametric model of 2nd Oruggazi Neighbourhood and reference area.

The UHI simulations conducted by Dragonfly using parametric models span a three-month cooling period.
These simulations highlight the effects of building density and surface albedo values in the neighbourhood on
the UHI. Dragonfly’s UHI simulations indicate that, compared to the reference area, the average temperature in
the study area is 1.25°C higher during the three-month cooling period. This temperature difference negatively
affects both outdoor and indoor thermal comfort during the summer.

The next stage of the study involved identifying the optimised parameters. The number of storeys and surface
albedo values were optimised to reduce the UHI effect in the region. The study aimed to reduce the UHI effect
by developing 1,050 different combinations of these urban design parameters. Table 1 specifies the parameter
value ranges.
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Table 1. Optimised parameters.

Parameters Explanation Unit Boundary
x1 Number of Storeys Number [1-10]
x2 Albedo effect % [0.10-0.99]

Figure 5 presents a visual representation of the proposed urban model resulting from the optimisation. In the
current situation, the buildings in the area have 5-8 storeys, whereas the proposed model resulting from the
optimisation has 2-3 storeys. The optimisation has improved surface reflectivity by increasing surface albedo
values. These spatial and physical improvements have reduced the UHI effect from around 2.82 to 0.86, result-
ing in a reduction of approximately 69.5%.

a,

Figure 5. Optimised model of 2nd Oruggazi Neighbourhood.

In another section of the study, temperature and relative humidity measurements were taken over a two-week
period during the heating season at a residential property in the region to calibrate the Hobo Onset Datalogger
model. A parametric model of the property was created in Rhino/Grasshopper, and an energy simulation was
performed with Ladybug. The study continued to conduct energy simulations for both the current state and
the optimised urban model.

In another section of the study, temperature and relative humidity measurements were taken over a two-week
period during the heating season at a residential property in the region to calibrate the Hobo Onset Datalogger.
The study created a digital twin of the 3x3 m room in the residential property using the Rhino/Grasshopper
interface and conducted an energy simulation with Ladybug. The study continued the energy simulations for
both the current state and the optimised urban model. Ladybug performed the simulation using current climate
data and tested its reliability with an MBE of 6% and a CV RMSE of 11%.

The rise in temperatures due to the climate crisis will increase the cooling load, particularly during the summer
months. The study, which optimised UHI based on Balikesir’s 2050 climate projections, has also integrated
these projections into the Ladybug model. Whilst the average energy consumption per square metre during the
summer period was 4.88 kWh in the current urban model, this consumption has fallen to 4.32 kWh in the opti-
mised model. It was observed that cooling energy was reduced by 11% through changes in urban interventions,
whilst building design parameters remained unchanged.
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CONCLUSION

The study examined the reduction of the UHI effect through the balancing of urban design parameters and
surface characteristics, whilst also considering building energy performance in an integrated manner. Using par-
ametric modelling and microclimate simulations conducted in the 2nd Oruggazi Neighbourhood of Balikesir,
which exhibits the characteristics of the Mediterranean (CSA) climate type—a warm climate type—the study
found that temperatures in this area are higher than in the reference area, particularly during the cooling season.
Dragonfly’s UHI optimisation resulted in an average temperature 1.25°C higher than the reference area during
the three-month cooling period, clearly demonstrating the UHI effect.

Dragonfly UrbanOpt balanced the number of floors and surface albedo values, and by simulating the UHI for
1,050 different urban models, it played a significant role in reducing the UHI effect in the region. The UHI val-
ue, currently 2.82, was reduced to 0.86 in the proposed model obtained through optimisation. These findings
highlight the impact of lower-rise development and high-albedo surfaces on the microclimate.

Analyses at the building scale in the region demonstrate that improvements at the urban scale are reflected in in-
door environmental performance. The results of Ladybug energy simulations show that urban design decisions
directly influence not only outdoor comfort but also building energy performance.

The study has certain limitations. It restricted UHI simulations to a three-month cooling period and did not
conduct an annual assessment. Furthermore, the study has accounted for only the parameters of storey height
and surface albedo, whilst excluding other important variables such as wind flows, vegetation types, water sur-
faces, and material thermal properties. The energy simulation for residential buildings was conducted using a

single building model, thereby limiting the generalisability to different building typologies.

Future studies could examine more comprehensive urban models that integrate wind effects, shading strategies,
green infrastructure and water bodies to mitigate the urban heat island effect. Furthermore, incorporating dif-
ferent building typologies and usage scenarios into energy analyses will provide a more comprehensive under-
standing of the building-scale impacts of urban decisions.
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SUMMARY

Data centers consume a rapidly growing share of global electricity, with cooling systems accounting for up to
38% of total facility energy. Traditional approaches such as CFD simulations and experimental measurements
are too slow and costly for real-time optimization. This paper provides a tutorial-style guide for mechanical
engineers and data center operators seeking to integrate Al methods into thermal management workflows.
We review data-driven surrogates, physics-informed neural networks (PINNs), and physics-constrained neural
networks (PCNNs), comparing them in terms of data requirements, accuracy, physical consistency, and imple-
mentation complexity. Practical strategies for incorporating physics knowledge—including soft and hard con-
straints, curriculum learning, and adaptive loss weighting—are discussed. Application areas covering rack-level
temperature prediction, cooling system optimization, and emerging directions such as liquid cooling and rein-
forcement learning-based control are examined. Finally, practical guidelines for data generation, model selec-
tion, training, and validation are provided.

Keywords: data center, thermal management, machine learning, physics-informed neural networks, surrogate
modeling

1. INTRODUCTION

Data centers have become the backbone of modern digital infrastructure. However, this growth comes with a
substantial energy cost. A comprehensive review of 100 data centers by Ni and Bai [1] found that cooling ac-
counts for an average of 38% of total energy consumption, reaching up to 61% in poorly optimized facilities.
The same study reported a mean Power Usage Effectiveness (PUE) of 2.13, with values ranging from 1.33 to
3.85, indicating that more than half of the total energy is lost to non-IT overhead.

Conventional approaches rely primarily on CFD simulations and physical experiments. While CFD provides
detailed spatial resolution, a single steady-state simulation can require up to an hour on multi-core processors
[3]. Running parametric studies quickly becomes impractical. Experimental approaches are costly, difficult to
scale, and limited by sensor placement.

Machine learning offers a pathway to overcome these limitations. ML surrogates can produce thermal predictions
in milliseconds rather than hours [3, 4]. However, purely data-driven models may violate fundamental physical
laws. Physics-informed and physics-constrained approaches combine ML speed with physical reliability [2, 5].

Despite the growing body of research, a gap remains between academic literature and practical implementation.
This paper addresses that gap by providing a structured tutorial. The main contribution of this work is a struc-
tured comparison framework and practical implementation guidelines that bridge the gap between theoretical
ML research and data center engineering practice. Section 2 reviews the main Al methods. Section 3 discusses
strategies for integrating physics knowledge. Section 4 examines application areas. Section 5 provides practical
guidelines. Section 6 concludes with an outlook.
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2. Al METHODS FOR DATA CENTER THERMAL MANAGEMENT

2.1 Data-driven surrogates

Data-driven surrogate models learn input-output mappings directly from training data without incorporating gov-
erning equations. The most common architecture is the multi-layer perceptron (MLP). Zhang et al. [3] demonstrated
that MLP surrogates trained on CFD data achieve inference times of approximately 9 ms—five orders of magnitude
faster than direct simulation. Magdy et al. [4] compared ANNS, random forests, and CNN's for indoor thermal pre-
diction, finding that ANNs achieved MAE of 0.12 K with R? = 0.98. CNNs are well suited for spatial patterns in tem-
perature fields, while LSTM networks capture temporal dependencies for transient prediction. The primary limitation
is the lack of physical guarantees: outside the training distribution, these models may produce non-physical results.

2.2 Physics-informed neural networks (PINNs)

Physics-informed neural networks, introduced by Raissi et al. [5], embed governing partial differential equations
(PDEs) directly into the training loss function. The total loss takes the form L = MSEdata + MSEPDE, where
the second term penalizes deviations from the governing equations evaluated at collocation points throughout
the domain. This formulation enables training with sparse data, as the PDE constraints provide additional su-
pervision across the entire computational domain. Raissi et al. demonstrated that with only 2000 data points,
unknown parameters in the Burgers equation could be recovered with errors below 1% [5].

Cai etal. [6, 7] applied PINNs to 3D flow and heat transfer problems, achieving L2 errors of 1-2%. PINNs can
use CNN/RNN architectures, and L-BFGS optimization often converges faster than Adam for moderate-sized
datasets [8]. Frameworks such as NVIDIA Modulus and DeepXDE have accelerated adoption [8]. Lawal et al.
[17] categorized variants into extended PINNs, hybrid PINNs, and minimized-loss formulations. Key chal-
lenges include spectral bias [18] and gradient pathology [9]. Ren et al. [9] showed that dynamic loss weighting
based on NTK theory improves accuracy by up to 83%. Domain decomposition [9], one-hot encoding [15],
and noise-robust formulations [16] further address these issues.

2.3 Physics-constrained neural networks (PCNNs)

Physics-constrained neural networks enforce behavioral constraints derived from physical principles rather than
embedding PDE residuals. Following Karniadakis et al. [2], PCNNs use learning biases to guide predictions
toward physical consistency. Soft constraints add penalty terms for known behaviors (e.g., positive temperature
rise, monotonic forced convection response), while hard constraints modify the architecture itself. Liu and
Wang [14] achieved a ten-fold MSE reduction using multi-fidelity PCNNs. Chen et al. [11] developed an
adaptive PCNN with Softplus activations guaranteeing positive physical coefficients, achieving 79.2% MAE
reduction while maintaining energy conservation over 7-day horizons. A key practical advantage of PCNN is
that they do not require explicit PDE formulation or evaluation at collocation points, making them more ac-
cessible for complex turbulent flow applications.

2.4 Hybrid and other approaches

Hybrid methods combine physical models with neural networks. Li et al. [10] used a first-principles baseline
with ANN residual correction, reducing cooling energy prediction error from 278.4 W (physics only) to 91.5
W (combined), with R? = 0.9969. Reinforcement learning (RL) takes a different approach: agents learn control
policies through environment interaction. Zhan et al. [19] proposed physics-informed offline RL using graph
neural networks for DC cooling optimization, addressing safety concerns with limited historical data.
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2.5 Comparison of approaches

Table 1 provides a systematic comparison of the main Al approaches discussed in this section, considering key
factors relevant to practical implementation.

Table 1. Comparison of Al approaches for data center thermal management

Physics . Inference

Method Data Need Guarantee Complexity Sreed Best Use Case
Data-driven High Non L m Abundant data,
(MLE, CNN)  (50-500 cases) one oW ° interpolation

. : Sparse data, known
PINN Low-Medium  Strong (PDE) High ~ms PDEs
PCNN Medium Mode'rate Medium ~ms Complex systf:ms,

(behavioral) partial physics

Hybrid . Moderate . . . .
(physics+ANN) Medium (structural) Medium-High ~ms Residual correction
RL-based . ) Optional ) ) Active control,
control High (episodes) (reward) High Real-time dynamic loads

3. INTEGRATING PHYSICS KNOWLEDGE INTO MACHINE LEARNING

3.1 Why pure ML fails

As noted in Section 2.1, purely data-driven models lack physical guarantees and may fail to generalize beyond
the training distribution. When extrapolating, they may predict non-physical behaviors such as non-monotonic
temperature-velocity relationships that contradict forced convection physics, or energy balances that do not
close. Such violations are dangerous in data center applications as they may lead to underestimation of hot spot
temperatures, causing hardware damage. Standard neural networks have no intrinsic mechanism to enforce
physical laws—they only learn statistical patterns from training data.

3.2 Sources of physics knowledge

Physics knowledge applicable to thermal management can be derived from several sources [2]. First-principles
constraints come from governing equations: Navier-Stokes for fluid flow, the energy equation for heat transfer,
and constitutive relations such as Fourier’s law. PDE-level theorems include maximum principles and conserva-
tion laws. Empirical correlations, such as expected heat transfer coefficient ranges and temperature trends across
server racks, provide additional supervision. Dimensional analysis and scaling laws further constrain predictions
within physically meaningful ranges.

3.3 Implementation strategies

Soft constraints add penalty terms to the loss function: L = Ly, + AL, Patel et al. [13] found that optimal
values around A = 3 provided the best trade-off between data fidelity and physical consistency. Soft constraints
are flexible and can encode any differentiable physical condition, but only penalize violations rather than pre-
venting them.
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Hard constraints modify the network architecture to guarantee physical properties by construction. Examples
include Softplus activations for non-negative outputs [11], skip connections embedding known relationships,
and output layers satisfying conservation equations. Liu and Wang [14] demonstrated that multi-fidelity archi-
tectures with hard constraints achieve approximately 10x improvement in accuracy. Hard constraints provide
stronger guarantees but require careful architectural design.

3.4 Training strategies

Effective training requires specialized strategies. Curriculum learning presents data in structured sequences—
starting with simpler cases and progressively introducing complexity—improving convergence [9]. For instance,
a curriculum may begin with operating conditions producing smooth thermal fields and progressively introduce
cases with sharper gradients near heat sources. Adaptive loss weighting (GradNorm, NTK-based methods) dy-
namically adjusts loss component importance, preventing gradient pathology; Ren et al. [9] demonstrated that
such methods can substantially improve accuracy over fixed-weight alternatives. Fourier feature encoding [18]
addresses spectral bias by enabling networks to learn high-frequency functions, which is critical for capturing
sharp temperature gradients near rack inlets and outlets.

3.5 General framework

Figure 1 describes the general framework for physics-integrated ML in data center thermal management. The
workflow consists of four stages: (1) Data Generation via CFD or experiments across multiple operating con-
ditions; (2) Physics Integration through constraint formulation and architectural choices; (3) Model Training
using combined data-driven and physics-informed objectives; and (4) Deployment, where the trained surrogate
is coupled with an optimization algorithm for real-time cooling control or design exploration.

STAGE 1 STAGE 2 STAGE 1 STAGE 4
Data Generation Physics Integration Model Training Deployment & Optimization
CFD Simulations Soft Constraints Physics Sources Architecture & Training Optimizer Control Targets
« Parametric swesps « Loss penaly terms First Principles: *MLP CHMJ LSTM « Ganetic Algorthm « CRACICRAH settngs
(T_supply, V_ar, §_IT) L=L_data + AL_physics « Navier-Sigkes « PINN (PDE residual in loss) = Multi-objective Parein » Fan speed conérol
= Lann hypercute [ tactarial « Behavioral constraints « Energy equation « PCNM (behansoral constramis) = RL-based control = Supply lemparaure
sompling design « Monotanicity | bounds « Foutier's law + Hybrid (physics « ANM residual) * Wodel Predicive « Liquad cooing fiow
. F i ¥ [ Contral (MPC) 2
Mesh & nrbuience 2 « Adapiive A weighting PDE Theorems: . Cuuml eanure encoding [L8] L { 1 -:Z:cll:.l:.d:awm:
d v Data i . + Curticulum b « Reak ooling
made! valdation 3| oimal k= 3(13) M g urticukum earting ) aned |« Real-ime setpoints
. = Adnpive loss | MNTK] L
= $0-500+ cases ypial + Conservation &S
e —
Hard Constraints Empirical Knowledge: Validation Digital Twin & Monitoring

Experimental Data

= SENS0f MEASUFEMENts
» Operatonal logs
» Hissarical records.

= Reak-ime monioring

» hechitectural guarantees

+ Sofpius acivasons

* Consenvation |ayefs

* S&ip connections wih
physcal smucure

« HTC cormelations
« Expected AT ranges
« Convection rends

Dimensional Analysis:
« Scaling laws
» Non-dimensonalization

* Imtespolation testing
» Extrapolation kesting
+ Physical consistency checks

{conservation, monatonicity)

+ Noise obustness (2-8%) [16]

* Continuous model update wih cpesational data
= Sensor feedback integragon

« Prediciive mamntenance & anomaly dstection

» Safety margin enforcement

= Periodic retraning triggers

____________________________________
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« made] refraining
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Figure 1. General framework for physics-integrated ML in data center thermal management.
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4. APPLICATION AREAS AND CURRENT STATE

4.1 Rack-level temperature prediction

Predicting rack-level temperature distributions is the most common ML application in data center thermal
management. Chen et al. [11] applied an adaptive PCNN that maintained energy conservation over extended
prediction horizons while significantly improving accuracy over conventional approaches. These surrogates can

be queried thousands of times within optimization loops, enabling real-time decision making impossible with
direct CFD.

4.2 Cooling system optimization

Thermal surrogates can be coupled with optimization algorithms. Athavale et al. [12] used genetic algorithms
to optimize CRAC settings with cabinet-level control, achieving 21-52% cooling energy savings. RL-based ap-
proaches offer continuous adaptation: Zhan et al. [19] demonstrated physics-informed offline RL using graph
neural networks for safe DC cooling optimization with limited historical data.

4.3 Emerging directions

Liquid cooling (direct-to-chip and immersion) is becoming essential as rack densities reach higher energy levels
in Al facilities [20], introducing new optimization variables such as coolant flow rates and hybrid air-liquid
configurations. Digital twin technology and model predictive control combined with ML surrogates have been
proposed as promising directions for proactive cooling adjustments under variable AI workloads.

5. PRACTICAL GUIDELINES

5.1 Data generation

The quality of training data is among the most critical factors in ML model performance. Zhang et al. [3]
showed that 50 CFD cases capture general trends while 500 cases are needed for high-accuracy surrogates. A
factorial or Latin hypercube sampling strategy across key parameters (supply temperature, airflow velocity, heat
load) ensures representative coverage. Validation data should be reserved for both interpolation and extrapola-
tion testing. Mesh resolution and turbulence model settings must be validated before generating the training
dataset.

5.2 Modlel selection guide

The choice of ML approach depends on several factors. If abundant high-quality data is available and the appli-
cation is purely interpolative, a data-driven surrogate (MLP or CNN) is the simplest and fastest option. If data
is sparse but the governing equations are well known, PINNs provide additional supervision through PDE con-
straints. If the full PDE formulation is impractical but qualitative physical behaviors are understood, PCNNs
offer a practical middle ground. If a first-principles model already exists, a hybrid approach that corrects residual
errors with an ANN often achieves the best accuracy. For real-time control applications requiring continuous
adaptation, RL-based methods are most appropriate.
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5.3 Training best practices

Several training practices have been shown to improve model performance consistently across applications.
Fourier feature encoding should be applied when the target function contains sharp spatial gradients [18].
Activation function selection matters: GELU and Swish have been observed to outperform ReLU for smooth
regression tasks in the authors’ experience, while Softplus is preferred when non-negative outputs are required
[11]. Curriculum learning, where simpler training cases are presented before complex ones, improves conver-
gence for physics-constrained models. Adaptive loss weighting using GradNorm or similar methods should be
applied when multiple loss terms are present. Learning rate scheduling with warm-up and cosine annealing is
generally recommended over fixed learning rates for improved convergence stability.

5.4 Validation and deployment

Validation must go beyond aggregate error metrics. Models should be tested for physical consistency and cor-
rect trend behavior. Interpolation and extrapolation capability should be evaluated separately. Eivazi et al. [16]
demonstrated that PINNs can handle 2-8% noise while maintaining accuracy. For deployment, safety margins
should be applied to critical predictions. Periodic retraining with new operational data ensures models remain
accurate as configurations evolve.

6. CONCLUSION AND OUTLOOK

This paper has presented a structured overview of Al methods for data center thermal management. Data-driv-
en surrogates offer speed but risk non-physical predictions. PINNs and PCNNs mitigate this through physics
integration at different levels of complexity. Hybrid methods combining physical models with neural network
correction often achieve the best accuracy. The choice should be guided by data availability, physics knowledge,
and application requirements.

This tutorial has several limitations. The comparison in Table 1 is qualitative and based on reported results from
different studies rather than a unified benchmark. The discussion focuses primarily on air-cooled configurations;
liquid cooling systems involve fundamentally different physics that warrant separate treatment. Additionally,
the practical guidelines in Section 5 reflect general best practices rather than application-specific optimization.

Looking forward, the transition to liquid cooling, digital twin platforms, and multi-objective optimization
balancing energy efficiency with hardware reliability will define the next generation of Al-driven thermal man-
agement. The continued development of physics-constrained architectures will make these tools accessible to a
wider range of practitioners. For practitioners beginning to adopt these methods, we recommend starting with
a data-driven baseline, validating it against physical consistency checks, and progressively incorporating physics
constraints as domain knowledge becomes available.
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SUMMARY

Accurate forecasting of solar photovoltaic (PV) energy production is a critical component for optimizing sys-
tem performance, supporting intelligent energy management, and ensuring the economic viability of rooftop
installations, particularly in energy-scarce and data-limited regions. Unsustainable buildings, reliable PV ener-
gy forecasting plays a key role in enabling energy aware operation of electricity intensive systems such as heat
pumps and HVAC+R, where heating and cooling loads must be dynamically aligned with on site renewable
energy generation. This study presents an artificial neural network (ANN)-based energy forecasting framework
of a 4 kW grid-connected rooftop solar PV system using real-time operational data from Kabul, Afghanistan.
Hourly energy generation data collected over a one-year period were used to train and validate a feed-forward
ANN model with a 6-64—64—1architecture. Model performance was evaluated using standard statistical indi-
cators, including root mean squared error (RMSE), mean absolute error (MAE), mean absolute scaled error
(MASE), and the coefficient of determination (R?). The ANN model demonstrated high predictive accuracy,
achieving an R? exceeding 0.95 and substantially lower error values compared to simulation-based estimates
from the Global Solar Atlas (GSA), which exhibited higher deviations from measured data. From a building
energy perspective, such improvements are valuable for supporting the planning of electricity intensive systems
such as HVAC, as accurate forecasts of on site PV generation improve understanding of local energy availability
and peak generation periods. The proposed framework offers a practical and scalable solution for strengthening
rooftop PV deployment in Afghanistan and other energy vulnerable, data scarce regions, contributing to low
carbon and resilient building energy systems. While the present study focuses on PV forecasting, the results
provide an important basis for future energy aware building applications.

Keywords: Artificial neural network; Solar photovoltaic systems; Energy forecasting; Energy Management; Real
operational data, Sustainable buildings

INTRODUCTION

Solar photovoltaic (PV) systems are increasingly recognized as a key technology for sustainable energy generation
in buildings, particularly in regions facing energy shortages and grid instability [1]. Accurate forecasting of PV
energy output plays a critical role in optimizing building energy management systems, improving HVAC sched-
uling, and reducing peak electricity demand in smart and conventional buildings. The building sector plays a
vital role in sustainability discussions due to its high levels of resource consumption and greenhouse gas (GHG)
emissions. Buildings are responsible for approximately 40% of global resource use, 30% of total energy consump-
tion, and around 30% of global carbon emissions [2-7], making them a key focus area for implementing sustain-
able strategies. As a result, adopting a comprehensive approach to sustainable development in building design has
become essential. Sustainable architecture, which emerged as a major trend in the early 21st century [8], seeks to
integrate economic, social, and environmental dimensions within construction projects simultaneously [9-10].
The building sector accounts for a significant share of global energy consumption and greenhouse gas emissions
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due to the high energy demand associated with space heating, space cooling, and domestic hot water (DHW)
requirements. The operations of buildings account for approximately 30% of global final energy consumption
and 26% of energy-related CO, emissions [11].In this context, the electrification of building systems and their
integration with renewable energy sources have emerged as key strategies for achieving climate goals.

Photovoltaic (PV)-integrated HVAC systems have gained increasing attention in recent years, and numerous
studies in the literature focus on their design, performance analysis, and operational strategies. Most existing
research investigates PV-assisted or PV-driven HVAC systems through simulation-based or experimental case
studies, generally emphasizing energy savings and system efficiency [12-13]. Among these hybrid approaches,
solar assisted heat pump (SAHP) systems have been extensively investigated. Early research mainly focused on
single applications such as space heating or DHW production, whereas later studies examined dual-function
systems combining heating and cooling or heating and hot water production [14].

However, in many developing regions such as Afghanistan, the application of advanced forecasting models remains
limited due to data scarcity, lack of real-time monitoring systems, and reliance on satellite-based simulation tools
such as the Global Solar Atlas (GSA). These simulation tools often rely on long-term averaged meteorological da-
tasets, which may not accurately reflect real operational performance under local environmental conditions.

Despite these advances, there remains a gap in applying ANN-based forecasting frameworks using real one-
year operational rooftop PV data in Afghanistan, combined with techno-economic evaluation under local tariff
structures. This study addresses this gap by developing and validating an ANN model for PV energy forecasting

and assessing its economic implications for rooftop solar systems in Kabul.

Bibliographic Analysis

The bibliographic analysis was conducted using VOS viewer software. This timeframe was selected to capture
the most recent advances in renewable energy forecasting, machine learning applications, and building energy
management systems. Figure 2 provides an overlay visualization, where node colors indicate the average pub-

lication year of related research.
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Fig. 1 Overlay visualization of keyword co-occurrence over time.
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Novelty and Contribution:

e First ANN-based solar forecasting study using real operational data from Afghanistan — a data-scarce, en-
ergy-vulnerable region not represented in existing bibliographic networks.

e Machine learning significantly outperforms conventional simulation tools — achieving R*2>0.95 com-
pared to Global Solar Atlas estimates.

*  First explicit integration of PV forecasting with HVAC energy management — bridging renewable energy
and building system clusters identified in the bibliographic analysis.

METHODOLOGY
Site selection

The system is installed on the roof of a residential building in the Arzan Qemat area of Kabul city, Afghanistan,
at latitude 34.55° N and longitude 69.20° E, as shown in Figure 3.

Fig.2. the study site location

@ PV SYSTEM
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Fig.3. Study Procedure
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Performance indicators

Root Mean Squared Error (RMSE) measures the standard deviation of prediction errors and penalizes larger
deviations more strongly [15]:

RMSE =

Mean Absolute Error (MAE) represents the average magnitude of the absolute differences between the predict-
ed and measured values:

MAE 15:] Y 2
-"n.mi Yi— Vi

Mean Absolute Scaled Error (MASE) evaluates forecasting accuracy relative to a naive baseline model and
allows scale-independent comparison:

n

1 lyi— 3l 3
MASE =~ e —
n MAEnaive

I=1
Coefficient of Determination (R?) implies the fraction of variance in the studied data described by the follow-
ing mathematic model:
5 . —9.)2
R2=1_Z::1(}'£ y&) 4
Z £=1(yi ~ ?)2

where $;is the measured energy output, ;is the predicted value, $is the mean of the measured values, and 7is
the number of samples.

RESULTS AND DISCUSSIONS
Energy production forecasting

Hourly solar PV energy generation data were collected directly from the inverter using the WatchPower soft-
ware. The acquired dataset was preprocessed to remove missing and corrupted values. The cleaned dataset was
then divided into training, validation, and testing subsets. An Artificial Neural Network (ANN) model was
implemented to forecast solar energy production using real-time measured data and corresponding meteorolog-
ical parameters. To enhance the robustness of the analysis, simulation results obtained from the GSA were also
considered and compared with the measured and predicted outputs. The performance of the ANN model was
evaluated using standard statistical indicators, including root mean squared error (RMSE), mean absolute error
(MAE), mean absolute scaled error (MASE), and the coefficient of determination (R?). The following sections
describe the dataset, the ANN model architecture, and the evaluation criteria adopted in this study. Figure 4
shows the energy output of the model, simulation and real data.
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Fig 4 The energy output of the model, simulation and real data

Performance Comparison with GSA

To benchmark the prediction accuracy of the proposed artificial neural network (ANN) model, its results
were compared with simulation-based energy estimates obtained from the GSA. Table 1, figure 5 presents the
comparative performance indicators between the ANN predictions and GSA simulation results using standard
statistical metrics.

Table 1. ANN predictions and GSA simulation

Model RMSE (kWh) MAE (kWh) MBE (kWh) R?
ANN 0.116 0.097 0.048 0.975
GSA 1.157 0.926 0.300 -1.447

The ANN model demonstrates substantially higher predictive accuracy than the GSA simulation, as reflected
by significantly lower RMSE and MAE values and a markedly higher coefficient of determination (R?). This
discrepancy can be attributed to the fact that GSA relies on long-term averaged satellite data and generalized
loss assumptions, whereas the ANN model is trained using real-time, site-specific operational data, allowing it
to better capture temporal variability and actual system behavior. Both values are significantly lower than unity,
indicating superior performance compared to a naive benchmark. The lower validation error further demon-
strates the robustness and strong generalization capability of the ANN model.
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Fig 5. Actual versus ANN energy output

Figure 5 presents the scatter plot between actual and ANN-predicted energy outputs. The strong linear align-
ment along the 45° reference line and a high coefficient of determination (R? = 0.975) confirm the excellent

predictive accuracy of the ANN model.

CONCLUSION AND FUTURE WORKS

This study demonstrated the potential of artificial neural network (ANN) based photovoltaic power forecasting
to support the predictive operation of HVAC and building energy systems in PV integrated buildings. Using
site specific weather and operational data, the ANN model achieved good accuracy in short term PV power
prediction. This capability is important for enabling proactive HVAC control, supporting load shifting, and
improving the use of onsite renewable energy.

However, the ANN model was trained using a limited set of meteorological and operational inputs available
at the study site. Forecast accuracy could be further improved by using higher resolution weather data or by
including additional factors such as PV soiling effects and variations in inverter efficiency.

Future research could expand this work by using long term, multiyear datasets to examine the robustness and
adaptability of ANN based forecasting models under different climatic conditions. Furthermore, applying ad-
vanced or hybrid machine-learning methods such as deep learning, ensemble techniques, or ANN based opti-
mization approaches may further improve prediction accuracy and enhance the role of data-driven forecasting
in energy efficient buildings.
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