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Abbreviations  

ADR Active demand response 

AHU Air handling unit 

AMLR Adaptive multiple linear regression 

ASHP Air source heat pump 

ASHRAE American society of heating, refrigerating and air-

conditioning engineers 

BES Building energy simulation 

BGI Building grid integration 

CART Classification and regression trees 

CBA Cost benefit analysis 

CCA Concrete core activation 

COP Coefficient of performance 

CTREE Conditional inference trees 

EED Earth energy designer 

EER Energy efficiency ratio 

ESS Embedded surface system 

FCU Fan coil unit 

FFT Fast Fourier transformation 

GA Genetic algorithm 

GEOTABS Geothermal heat pump coupled to TABS 

GSHP Ground source heat pump 

GSHX Ground source heat exchanger 

HP Heat pump 

HVAC Heating, ventilation and air conditioning 

hybridGEOTAB

S 

GEOTABS coupled with secondary systems 

LDC Load duration curve 

linprog Linear programming solver in MATLAB 

LOWESS Locally weighted scatterplot smoothing 

LQR Linear quadratic regulator 

LTI Linear time-invariant 

MPC Model predictive control 

NPC Net present cost 

NRMSD Normalized root mean square deviation 

nZEB Nearly-zero energy building 
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OLSA Optimal load splitting algorithm 

PCHX Passive cooling heat exchanger 

PCM Phase-change materials 

PV Photovoltaic 

PWM Pulse width modulation 

R²ES Renewable and residual energy sources 

RBC Rule-based control 

RC Resistor-capacitor 

RCP Radiant ceiling panels 

RES Renewable energy sources 

RHC Radiant heating and cooling 

SSE State-space equations 

TABS Thermally activated building systems 

TACO Toolchain for automated control and optimization 

TEA Techno-economic assessment 

UBB Unknown but bound 

  

  

Parameters 

 

 

�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠
𝑘  The primary system power injected to the TABS 

at time step k (kW) 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠
𝑘  The secondary system power injected to the zone 

at time step k (kW) 

�̇�𝑇𝐴𝐵𝑆
𝑘  Power of TABS in the building side at time step k 

(kW) 

�̇�𝑡𝑜𝑡𝑎𝑙
𝑘  Building thermal loads at time step k (kW) 

calculated with ideal heating and cooling system 

with fixed set point (23 °C) 

�̇�𝑖𝑑𝑒𝑎𝑙
𝑘  Building thermal loads at time step k (kW) 

calculated with ideal heating and cooling system 

with 22 °C and 24 °C set points for heating and 

cooling, respectively 

�̅� Vector of the upper bound of the model states 

constraints (°C) 
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𝑇 Vector of the lower bound of the model states 

constraints (°C) 

�̅� Vector of the upper bound of the control variables 

constraints (W or kW) 

𝑢 Vector of the lower bound of the control variables 

constraints (W or kW) 

A Area (m2) 

c Specific thermal capacity (J/kg/K) 

D Distance between pipes inside TABS (mm) 

d Diameter of pipes inside TABS (mm) 

hrad+conv Overall heat transfer coefficient for radiation and 

convention between the TABS surface and the 

room (W/m2/K) 

L Thickness of the concrete layer of TABS (mm) 

N Prediction horizon (hours) 

objFun Specific objective function value for one year 

converted to (kWh/m2/year) 

T Vectors of the model states (°C) 

u Vector of the control inputs in state-space model 

(W or kW) 

V Volume (m3) 

𝑅𝑏 Effective borehole resistance 𝑅𝑏 (K/W) 

𝑅𝑔ℎ Hourly effective thermal resistance of the ground 

estimated with a g-function for the maximum 

hourly load on the borefield (K/W) 

𝑅𝑔𝑚 Monthly effective thermal resistance of the ground 

estimated with a g-function for the maximum 

monthly load (K/W) 

𝑅𝑔𝑦 Yearly effective thermal resistance of the ground 

estimated with a g-function for the yearly load 

(K/W) 
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𝑘𝑔 Thermal conductivity of the ground (W/m/K) 

𝑞ℎ Maximum hourly load on the borefield (kW) 

𝑞𝑚 Maximum monthly load on the borefield (kW) 

𝑞𝑦 Yearly imbalance load on the borefield (kW) 

  

Greek letters  

𝛼𝑔 Diffusivity of the ground (m2/s) 

𝜌 Density (kg/m3) 
λ Thermal conductivity (W/m/K) 

µ Overall efficiency of a system 



18  Summary 

The building sector is responsible for nearly 36% of total CO2 emissions in 

Europe. According to the European Commission's roadmap for achieving a 

low-carbon building sector, policymakers must seek a practical plan for 

decarbonizing energy supplies and reducing final energy use in buildings. 

Future-proof buildings are energy efficient and energy flexible, allowing for 

maximum integration of renewable and residual energy sources (R2ES). As 

a result, heat pumps—as the devices that convert electricity to heat—have 

a pivotal role in the electrification of heating, ventilation, and air 

conditioning (HVAC) systems. However, renewable electricity production 

may be curtailed. Energy-flexible buildings allow the demand to be shifted 

to periods of abundance of R2ES by using smart building system controls.  

GEOTABS, the combination of a GEOthermal heat pump and a thermally 

activated building system (TABS), is an example of a future-proof HVAC 

concept. TABS is a radiant heating and cooling emission system in which 

the heating/cooling pipes are embedded in the mass of the building 

elements (for example, concrete floors), activating them as thermal storage; 

this offers energy flexibility. TABS can provide very low-temperature 

heating (as low as 23-28 °C) and high-temperature cooling (as high as 17-

23 °C) by converting entire floors or ceilings surfaces into emission systems. 

Geothermal heat pumps operate efficiently at these temperatures, which 

are found at shallow depths in the ground. The hybridGEOTABS system 

is centered on GEOTABS, which is supplemented by secondary heating 

and/or cooling emission and production systems to maintain thermal 

comfort in every building. Although this hybridity expands the potential 

application of the concept, it also leads to the first question every 

hybridGEOTABS designer faces: how to split the load between GEOTABS 

and the secondary systems. A discussion of this question is followed by 

financial and environmental analyses of the design with a high degree of 

freedom, resulting in decision-making difficulties. 

Chapter 1 points to the ambiguity in the design of such a future-proof 

HVAC concept. The dilemma is between a detailed and accurate but 

prohibitive design procedure, and a traditionally simplified but inaccurate 

design procedure. It is elaborated that the thermal inertia of TABS as the 

source of energy-flexibility of hybridGEOTABS is neglected in simplified 

design procedures. The thermal inertia of TABS can allow downsizing of 

the production unit and can shift the building load, if it is optimally 
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exploited. TABS causes a time delay between the production unit’s power 

and the building’s thermal loads. Moreover, heat transfer regime of TABS 

consists of advection, conduction, convection, and radiation. The time 

delay and the complex heat transfer regime of TABS must be integrated 

into the design procedure by means of dynamic modeling and simulation 

of the system in order to achieve a robust design. However, optimal design 

of TABS is an intricate mathematical problem, obstructing the early-stage 

design. To overcome this dilemma, a simplified design procedure that 

optimally incorporates the dynamic behavior of TABS is required. To 

achieve such a design procedure, simplifications in modeling and 

optimization are required to keep the mathematical complexity and the 

calculation time tractable. Then, the dynamic simulations are run for 

140,000 case study buildings from an accessible database in order to offer 

pre-engineering results to designers. Designers can therefore simply consult 

a near-optimum design associated with a given building with limited inputs 

at the early-stage of the design. The simulation results are also used to 

obtain early-stage integrated design decision trees for architectural design 

informed decision making. Through this simple and early-stage design 

procedure, the back-and-forth relation between architectural and HVAC 

designs and so an integrated design method can be achieved. As such, the 

book chapters were organized with specific research targets as follows: 

In Chapter 2, an automated method for generating a simplified model of 

the building and TABS is developed. Using the results of detailed 

simulations, an approach is proposed which uses an inverse modeling 

technique to generate a simplified grey-box model of the building and 

TABS. The simplified model is then used in the design procedure to 

incorporate the dynamic behavior of TABS and the building. The 

novelty of this chapter is in the incorporation of the building dynamic 

behavior in the design without using detailed mathematical models. 

In Chapter 3, a heuristic algorithm is developed to create an automated 

optimal load splitting algorithm (OLSA). OLSA employs the 

simplified model developed in Chapter 2 to supply the building's thermal 

demand optimally with TABS and (only if necessary) a secondary system. 

Incorporating the optimal control of the TABS in the early design 

estimations, is the novelty of this chapter. As such, OLSA provides time 

series of the primary and secondary system power for the entire year, 

allowing for optimal component sizing in combination with the post-

processing which is elaborated in the following chapters. 
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In Chapter 4, the OLSA is used in an integrated dynamic simulation-based 

design procedure to provide a techno-economic assessment (TEA) 

model for hybridGEOTABS. The design procedure is based on numerous 

dynamic borefield and building energy simulations for each case study. This 

chapter incorporates a novel algorithm into the TEA model to guarantee 

that all the optimal solutions considering different competing objectives are 

investigated. The TEA model is applied in nine case studies, and the 

definition of the optimal design is studied through the results. 

Furthermore, some general guidelines for optimal hybridGEOTABS 

designs are derived from the results. The results demonstrate the 

importance of the early-design stage, as it is observed that an inappropriate 

building design can turn GEOTABS infeasible for a building (32% more 

expensive than a conventional solution) while an appropriate design can 

save 19% of total costs, considering the energy prices in the European 

market in 2021. The appropriate design is achieved through a back-and-

forth design process in which the architect is aware of the consequences of 

each architectural design decision, also called informed decision-making. 

This back-and-forth relationship, which is missing from simulation-based 

designs, entails a quick HVAC design and is elaborated in the next 

chapters.  

Using the OLSA simulation results (from Chapter 3) and the lessons 

learned from Chapter 4, in Chapter 5 a computationally efficient design 

procedure is developed and applied to merely 140,000 case studies from an 

available database of building stock simulations for three European 

climates (represented by Madrid, Brussels, and Warsaw). As a result, a 

new database with a near-optimal hybridGEOTABS design for all the 

buildings in the original database is provided. The designer can thus receive 

pre-engineering results from the new database provided. The designer can 

then look up the GEOTABS design by using only high-level building 

parameters such as climatic zone, building function, insulation level, glazing 

area as inputs. Furthermore, this chapter provides a rich database for the 

data analysis performed in the next chapter. 

Chapter 6 distinguishes between appropriate design tools for HVAC 

designers and architects. The database provided in Chapter 5 is itself a 

design tool for HVAC designers. However, in the earliest steps of the 

building design, decision trees are more informative and practical to use. A 

design decision tree enables architects to rapidly compare the impact of 

their design decisions on the energy performance of a building. As a result, 

they can alter the building design to improve environmental indicators by 
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increasing the share of renewable resources, even at the beginning of the 

design, without running simulations. This, indeed, integrates 

architectural and HVAC early-stage design. To derive these decision trees, 

a previously validated and automated supervised machine learning 

algorithm known as a classification technique is used for automated data 

analysis. The application of the decision tree is exemplified in three case 

studies. 

This book demonstrates that the optimal design of hybridGEOTABS is 

highly sensitive to various factors such as building functionality, 

architectural design, economic indicators, available investment funds, and 

location. Hence, the design process of an innovative and sustainable 

technology such as hybridGEOTABS entails a synergy between different 

parties, including building owners, architects, HVAC designers, energy 

suppliers, and policy makers. This book demonstrated that early-stage 

integrated design methods provide ample room for the different 

stakeholders to search for simultaneously feasible, sustainable, and 

financially appealing solutions. With early iterations between architectural 

and HVAC design, pitfalls such as high investment costs, low operation 

cost savings, and low CO2 emission savings which can be due to sub-optimal 

design can be avoided. As such, informed and integrated decision-making 

from the earliest stages is an essential part of the design procedure of 

hybridGEOTABS. This book provided integrated design tools for 

hybridGEOTABS to help designers and architects optimize their decisions 

with the limited data that are accessible at the early stage of the project. 
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De bouwsector is verantwoordelijk voor bijna 36% van de totale CO2-

uitstoot in Europa. De Europese Commissie stelde een roadmap naar een 

koolstofarme samenleving voor en stelt daarin dat beleidsmakers een plan 

moeten voorstellen om de energievoorziening koolstofarm te maken en het 

eindverbruik van energie in de bouwsector te verminderen. 

Toekomstbestendige gebouwen zijn energiezuinig en flexibel, en laten een 

maximale integratie van hernieuwbare en residuele energiebronnen (R2ES) 

toe.  Warmtepompen, die op een zeer efficiënte manier elektriciteit 

omzetten in warmte, spelen een cruciale rol bij de elektrificatie van 

verwarmings-, koelings- en luchtbehandelingssystemen (HVAC), die op 

haar beurt toelaat om hernieuwbare elektriciteit te benutten in gebouwen. 

Door een gebrek aan hernieuwbare bronnen kan de productie van 

hernieuwbare elektriciteit echter worden beperkt. Energieflexibele 

gebouwen spelen hierop in door de vraag te verschuiven naar perioden van 

overvloed aan R2ES, waardoor het gebruik van fossiele brandstoffen wordt 

verminderd. Deze verschuiving vereist ook een slimme regeling van het 

HVAC-systeem. 

GEOTABS is, als combinatie van een GEOthermische warmtepomp en 

thermisch geactiveerd gebouwsysteem (TABS)een voorbeeld van zo’n 

toekomstbestendig HVAC-concept. TABS, ook bekend als 

betonkernactivering, is een emissiesysteem voor verwarming en koeling 

waarbij de warmte-overdracht in belangrijke mate door straling gebeurt. 

De verwarmings-/koelleidingen zijn ingebed in de massa van de 

bouwelementen (bijvoorbeeld betonnen vloeren), waardoor ze worden 

geactiveerd als thermische opslag, wat energieflexibiliteit biedt. TABS kan 

verwarming leveren bij zeer lage aanvoertemperatuur (tot 23-28°C) en 

koeling bij hoge aanvoertemperatuur (tot 17-23°C) door volledige vloer- of 

plafondoppervlakken om te zetten in emissiesystemen met een hoge 

thermische massa. Geothermische warmtepompen werken efficiënt bij deze 

temperaturen, die vrij dicht liggen bij de temperaturen in de ondiepe lagen 

van de ondergrond. Het hybridGEOTABS-systeem maakt gebruik van 

GEOTABS als duurzame kern van het HVAC-systeem, en wordt aangevuld 

met secundaire verwarmings- en/of koelingsemissie- en/of -

productiesystemen. Deze laten toe om het thermisch comfort te garanderen 

ook wanneer GEOTABS niet aan alle vraag kan of moet voldoen, en bieden 

ook een hogere flexibiliteit (op vlak van energiebronnen, 

investeringskosten) wat de inzetbaarheid van het systeem voor een grote 
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range van gebouwen mogelijk maakt. Voor de HVAC-ontwerper, die al 

vroeg in het ontwerpproces de haalbaarheid (op vlak van comfort, 

energieprestastie, CO2-uitstoot en economie) van het hybridGEOTABS 

systeem moet kunnen inschatten, stelt zich dan ook al snel deze essentiële 

vraag: welk aandeel van de warmte- en koelvraag van het gebouw kunnen 

optimaal door het GEOTABS systeem en het secundaire systeem gedragen 

worden?  

Hoofdstuk 1 verduidelijkt de ambiguïteit in het ontwerp van een dergelijk 

toekomstbestendig HVAC-concept. Er ontstaat een dilemma tussen een 

gedetailleerde en nauwkeurige maar dure ontwerpprocedure, en een 

vereenvoudigde en snelle maar erg onnauwkeurige ontwerpprocedure, die 

belangrijke dynamische aspecten van het systeem niet meeneemt. Een 

daarvan is de thermische traagheid van TABS die, indien optimaal benut, 

het benodigde vermogen van het productiesysteem kan verkleinen door het 

spreiden (en verschuiven) van de gebouwbelasting in de tijd 

(piekvermogenreductie). TABS brengt namelijk een tijdsverschuiving mee 

tussen het moment dat het opwekkingssysteem vermogen levert en de 

energievraag van het gebouw. Die tijdsverschuiving moet worden 

geïntegreerd in de ontwerpprocedure met behulp van dynamische 

modellering van het systeem om tot een robuust ontwerp te komen. 

Daarom is een vereenvoudigde ontwerpprocedure nodig die het dynamische 

gedrag van TABS optimaal incorporeert. Om een dergelijke 

ontwerpprocedure te verkrijgen, zijn vereenvoudigingen in de modellering 

en optimalisatie vereist. 

In Hoofdstuk 2 wordt een geautomatiseerde methode ontwikkeld voor het 

genereren van een vereenvoudigd model van het gebouw en TABS. Op basis 

van de gedetailleerde simulatieresultaten maakt de voorgestelde aanpak 

gebruik van een inverse modelleringstechniek om een vereenvoudigd grey-

boxmodel van het gebouw en TABS te genereren. Het vereenvoudigde 

model wordt vervolgens gebruikt in de ontwerpprocedure om het 

dynamische gedrag van  TABS en het gebouw te integreren. 

In Hoofdstuk 3 wordt een heuristisch algoritme ontwikkeld om een 

geautomatiseerd optimaal load-splitting-algoritme (OLSA) te creëren. 

OLSA gebruikt het vereenvoudigde model dat in hoofdstuk 2 werd 

ontwikkeld om optimaal te voorzien in de thermische vraag van het gebouw 

met TABS en (indien nodig) een secundair systeem. OLSA genereert 

tijdreeksen van het primaire en secundaire systeemvermogen voor het hele 

jaar. Op basis daarvan kunnen de belangrijkste componenten van het 
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hybride systeem optimaal ontworpen worden, met behulp van de 

nabewerkingen die in de volgende hoofdstukken worden uitgewerkt. 

In Hoofdstuk 4 wordt de OLSA gebruikt in een geïntegreerde, op 

dynamische simulaties gebaseerde, ontwerpprocedure om een techno-

economisch beoordelingsmodel (TEA) voor hybridGEOTABS te maken. De 

ontwerpprocedure is gebaseerd op talrijke dynamische van het BEO-veld 

en gebouw voor elke casestudie. Het TEA-model wordt toegepast op negen 

casestudies en met de resultaten wordt de definitie van het optimale 

ontwerp bestudeerd. Verder worden uit de resultaten enkele algemene 

richtlijnen afgeleid voor het optimale ontwerp van hybridGEOTABS. De 

resultaten tonen de grote invloed van gebouwkarakteristieken op de 

prestatie van het hybridGEOTABS concept, en dus tonen zij ook het 

belang aan van een vroege integratie van de HVAC-keuze in het 

ontwerpproces. Het juiste ontwerp wordt bereikt door een iteratief 

ontwerpproces waarbij de architect zich bewust is van de gevolgen van elke 

architecturale ontwerpbeslissing op de prestatie van het HVAC-systeem.  

Methodes die zo’n iteratief HVAC-ontwerp op tijds-efficiënte wijze mogelijk 

maken, komen in de volgende hoofdstukken aan bod. 

In hoofdstuk 5 wordt met behulp van de OLSA-simulatieresultaten 

(hoofdstuk 2) en de lessen uit hoofdstuk 4, een rekenkundig efficiënte 

ontwerpprocedure ontwikkeld die toepasbaar is op duizenden case studies 

uit een beschikbare database van gebouwenergiesimulaties van de 

gebouwenstock. Het resultaat is een nieuwe database met een bijna-

optimale hybridGEOTABS-ontwerpen. De ontwerper kan dus 

voorgedimensioneerde ontwerpen opzoeken in een nieuwe database. De 

ontwerper kan zo het gebouwontwerp en het GEOTABS-ontwerp evalueren 

aan de hand van high level gebouwkarakteristieken (vb. isolatiegraad, 

beglazingsaandeel). Bovendien resulteert deze aanpak in een rijke database 

als basis voor de gegevensanalyse die in het volgende hoofdstuk wordt 

uitgevoerd. 

Hoofdstuk 6 maakt het onderscheid tussen een geschikte ontwerptool voor 

HVAC-ontwerpers en architecten. De database in hoofdstuk 5 is zelf een 

ontwerptool voor HVAC-ontwerpers. Architecten kunnen de grootte-orde 

van de prestatie van hun gebouwontwerp echter sneller raadplegen via een 

beslissingsboom, waarvan de takken zijn opgesplitst volgens  high level 

gebouwkarakteristieken zoals de locatie, isolatiegraad, beglazingsaandeel…. 

Zo kunnen ze het ontwerp van het gebouw wijzigen om de milieu- en 

energieprestatie-indicatoren te verbeteren door het aandeel van 
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hernieuwbare bronnen zelfs aan het begin van het ontwerp te vergroten en 

zonder simulaties uit te voeren. Dit maakt een geïntegreerd gebouw- en 

HVAC-ontwerp mogelijk waarbij het gebouwontwerp kan worden 

aangepast om een beter HVAC-ontwerp te bereiken. Om de 

beslissingsbomen af te leiden, worden classificatietechnieken, gebruikt voor 

geautomatiseerde gegevensanalyse. De toepassing van de 

ontwerpbeslissingsboom wordt geïllustreerd aan de hand van drie 

casestudies 
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1.1 Introduction  

Future-proof buildings are energy flexible, meaning that they can shift their 

heat demand to times when sustainable energy supply is abundant, thus 

reducing the use of fossil fuels. Such buildings necessitate innovative 

heating, cooling, and air conditioning (HVAC) solutions. Being a future-

proof HVAC concept, hybridGEOTABS is the combination of a 

GEOthermal heat pump (with an underground borefield as a heat source 

and sink) and a thermally activated building system (TABS), and is 

combined with an additional secondary heating and cooling system. TABS 

is a radiant heating and cooling emission system activating the building 

structure as thermal storage and providing energy flexibility. TABS 

provides low temperature heating and high temperature cooling and thus 

can bring higher efficiency for the heat pump system. 

While heating and cooling technologies have improved significantly, the 

improvement has not been reflected equally in the market. It is 

demonstrated in this book that the feasibility and performance of 

innovative HVAC solutions (i.e. hybridGEOTABS) are highly sensitive to 

architectural design. This thesis defies conventional HVAC design 



Introduction  33 

methodologies that overlook the synergy between different actors such as 

architects and HVAC designers and thus cannot be used for optimal design 

of innovative and sustainable HVAC solutions. Moreover, it is shown that 

the synergy has the biggest impact at the early stages of the design when 

the degree of freedom in HVAC and architectural design is still high. In 

response, an integrated design procedure for hybridGEOTABS as a 

sustainable and innovative HVAC solution is developed in this PhD thesis.  

The overall context for future-proof buildings, the specific properties of 

hybridGEOTABS buildings and the general research objective are further 

elaborated in this introductory chapter, that concludes with the detailed 

research objectives addressed in the rest of the book. This book argues that 

the early stage of the design is where important decisions are made, and 

the detailed design is grounded. The decisions in this step can be optimized 

with an integrated design method that facilitates iterations between 

architectural and HVAC design. Integrated design methods require easy-

to-use tools that are compatible with limited data available at the early-

stage design steps. However, the integrated design method cannot be 

oversimplified. In chapter 1, it is argued that the dynamic behavior of the 

TABS is indispensable to the design procedure. Moreover, the decision on 

the share of GEOTABS and the secondary systems from the total annual 

demand of the building can significantly impact the component sizing, 

energy performance, environmental impacts, and financial aspects of the 

design. Furthermore, optimal control of the thermal inertia of TABS is a 

crucial part that must be incorporated into the design procedure to achieve 

a robust design. All of this, however, complicates the design procedure and 

makes the optimal design inaccessible at the early stages. Moreover, the 

iteration between the architectural design and HVAC design will become 

time consuming and hence neglected. As a result, architectural designs that 

prohibit GEOTABS adoption may emerge, and HVAC designers may opt 

for less efficient but more conventional and conservative solutions. Different 

chapters of this book provide means to achieve an easy-to-use integrated 

early-stage design tool that incorporates the dynamic behavior and optimal 

control of thermal inertia of TABS. The tool easily enables the designer to 

evaluate the consequence of a variety of architectural decisions on the 

energy performance, environmental impacts, and components sizing of 

hybridGEOTABS. 

A simplified model of the building and TABS that incorporates the 

dynamic behavior of the system into the early-stage design is developed in 

chapter 2. In chapter 3, an optimal load split algorithm is developed that 
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incorporates the optimal control of TABS into the early stage of the design. 

In chapter 4, optimal design of hybridGEOTABS is investigated with a 

techno-economic assessment (TEA) model developed in this book. The 

TEA model is relatively complex and research oriented. Thus, in chapter 

5, a computationally efficient design procedure is developed and applied on 

nearly 140,000 case studies from a previously developed database to provide 

a new pre-engineering database of near-optimum design of 

hybridGEOTABS for HVAC designers. In chapter 6, the design tool 

required for architects and HVAC designers are first differentiated and then 

architects are targeted. An integrated design tool (design decision tree) is 

created by applying classification techniques to the dynamic simulation 

results available from the pre-engineering database. The design decision 

trees facilitate simple iterations between architectural design and energy 

performance estimation at the very beginning of the building design.  

1.2 Context  

1.2.1 The so-called “trigger point” is approaching 

fast 

The Sixth Assessment Report (AR6) from Working Group 1 (WPI) of the 

Intergovernmental Panel on Climate Change (IPCC) [1] has confirmed a 

fearful crisis on the basis of over 6000 recent peer-reviewed scientific 

publications. According to AR6 part 1 [1], the debate over the existence of 

global warming has reached a clear conclusion: not only is the planet 

warming, but it is already warmer than it should be. We are experiencing 

global warming consequences such as reductions in crop yields, depleted 

freshwater reserves, melting ice caps, and more frequent heat waves. The 

contribution from working group 2 (WGII) [2] states that global warming 

is unequivocally threatening people’s lives. AR6 emphasizes the critical 

importance of taking immediate action to stop the global warming process. 

The unvarnished truth implies that previous human actions were 

insufficient to slow down global warming. We are approaching "the point 

of no return", also known as the "trigger point", at which we will no longer 

be able to control or reverse global warming. After the trigger point is 

reached, the process will enter an independent self-sustaining loop in which 

causes and effects empower one another. For example, demand for cooling 

in buildings has recently increased significantly. Regions where no cooling 

systems have been previously used during the summer are now installing 
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cooling systems, as heat waves become more frequent [5]. Using more 

inefficient cooling technologies will increase energy use and CO2 emissions, 

accelerate global warming, and repeat the cycle. WGII clearly concludes in 

AR6 [2] that CO2 emissions must be drastically reduced. Higher targets for 

reducing CO2 emissions must be set. That is the only well-established 

strategy for preventing additional global warming in the time remaining 

before the trigger point.  

1.2.2 Carbon emission level and global warming are 

definitely related 

The average surface temperature of the earth and the CO2 emission rate 

have been unanimously accepted as two key indicators which can be used 

to track the status of the global warming crisis [6]. The average surface 

temperature of the planet has experienced a relatively continuous increase 

in the course of the 20th century (Figure 1-1). Importantly, this increase 

became steeper after the 1960s. It is widely held that the average surface 

temperature of the earth has an direct relation with the CO2 emission rate, 

as shown in Figure 1-1 [6]. It can be seen from the figure that the average 

temperature of the planet was stable when the CO2 emission level was low 

(prior to the 19th century). According to simulation results (Figure 1-1, the 

green line), had the CO2 emission rate stayed within its natural bounds, 

the average temperature would also have remained within a safe range. 

Limiting global warming to around 1.5 °C (2.7 °F) requires global 

greenhouse gas emissions to peak before 2025 at the latest, and be reduced 

by 43% by 2030 [4]. 
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Figure 1-1  CO2 emissions track (billion tonnes per year) over the past 170 

years (right vertical axis), comparison between observed and simulated 

earth surface temperature (left vertical axis) [6]. 

Fortunately, the relation between the CO2 emission level and the average 

surface temperature of the planet has been widely acknowledged. As a 

conclusion of the recent discourse about global warming, a vast group of 

scientists and policy makers have reached a consensus: to shift the discourse 

focus away from a search for more evidence to prove the existence of global 

warming and its anthropogenic causes towards making plans to resolve this 

crisis. Working group 3 (WGIII) of the IPCC explicitly states that the 

global GHG emissions can be halved by 2030 if appropriate polices are 

taken [4]. Many human activities emit an enormous amount of CO2 to the 

environment. Policy makers are thus committed to limiting and decreasing 

these emissions by means of appropriate legislation which aims to limit 

carbon-intensive human activities [7, 8]. Meanwhile, innovative 

technologies are being introduced, demonstrated, and commercialized to 

guarantee the smooth replacement of carbon-intensive technologies with 

low-carbon technologies. Scientists have also proposed changes to humans' 

"lifestyles" in order to slow global warming. Note that this book does not 

address these changes, which include, but are not limited to food diets, 

travel habits, mobility and transportation, consumption habits, and so on. 
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1.2.3 Sustainable technologies can reduce carbon 

emissions  

The CO2 emissions of different sectors have been tracked, and the energy 

sector has been found to be responsible for 75% of total CO2 emissions [6]. 

Accordingly, various policies have been proposed to transform the energy 

system and its sub-sectors into a low carbon emission system (Figure 1-2). 

A variety of actions, such as decreasing carbon intensive human activities 

and improving the energy efficiency of human activities through sustainable 

technologies, have been considered as means of reducing emissions. 

Sustainable technologies are those that provide specific services to society 

while having minimal environmental impact. The green region in Figure 

1-2 shows the CO2 emissions associated with the building sector. For 

instance, the installation of new gas boilers should be banned and replaced 

by low-carbon technologies such as heat pumps as of 2025, according to 

proposed plans by IEA. Appropriate policies and innovative technologies 

are envisaged to prevent the negative repercussions of a massive transition 

in the socio-economic system. In each sub-sector, emerging technologies will 

help society to pass these milestones without sacrificing people’s welfare.  

 

Figure 1-2 Key polices and milestones on the road to net zero emissions [6]. 
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1.3 Sustainable heating and cooling technologies 

According to the latest reports about carbon emissions in the building 

sector (e.g., [10]), the building sector is devouring a substantial part of the 

energy produced worldwide, and releasing an equally substantial amount 

of CO2 to the environment (Figure 1-3, left). Indirect building emissions 

are due to electricity use in the building sector, and thus these emissions 

are from power plants, given that building operations are responsible for 

nearly 55% of global electricity consumption [9]. Direct building emissions 

are mainly due to the use of fossil fuels for heating systems. Overall, the 

heating and cooling of buildings is responsible for almost a third of the total 

energy use of this sector (Figure 1-3, right). At the same time, the building 

sector has been observed to be deviating from the path towards carbon 

neutrality, and may not achieve the required CO2 emissions reduction 

targets if sustainability plans are not accelerated [9]. 

 

Regardless of the unsatisfactory current record of CO2 emission reductions 

in the building sector, explicit pathways have been outlined for this sector 

to reach the intended level of CO2 emission reductions. A combination of 

improving the energy efficiency of buildings and HVACs, electrifying 

heating and cooling systems, and increasing the share of renewables in 

electricity production has been drafted as a composite solution to 

Figure 1-3  The building sector’s share of global 

annual energy use and carbon emissions in 2019 

(left) [3] and share of different sub-sector from 

the energy use in the building sector in 2020 [10]. 
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decarbonizing heating and cooling systems [11, 12].  The European Union 

(EU) aims for all new buildings (as of 2020) to be “nearly Zero-Energy 

Buildings” (nZEB) [11, article 9]. Future-proofed buildings are energy-

efficient and energy-flexible, allowing for the maximum integration of 

residual and renewable energy sources (R2ES). However, due to a lack of 

renewable resources, for instance during nights with lower electricity 

demands and high production from wind, renewable electricity production 

may not be available. On the other hand, there are periods where renewable 

electricity production is more than the demand and thus the electricity 

supply is curtailed. Energy-flexible buildings allow demand to be shifted to 

periods of R2ES abundance. This shift also necessitates smart building 

system controls. The challenge for building owners, architects, and 

engineers in this sector is to provide a functional and healthy indoor 

environment which is also as sustainable as possible. To achieve this, 

innovative heating and cooling technologies are being introduced and put 

into practice in order to provide thermal comfort in buildings in a 

sustainable manner. 

1.3.1 Sustainable emission systems 

Heating and cooling emission systems in buildings deliver the heat and cold 

produced by the production units to the buildings. It has been widely 

discussed (e.g., [30, 31, 32, 33, 35]) that the temperature level of the 

emission system influences the efficiency of the production unit. That is, 

lower temperatures for heating and higher temperatures for cooling are 

more favorable for the production unit. These efficient and sustainable 

methods to satisfy occupants’ thermal comfort are called low-temperature 

heating (LTH) and high-temperature cooling (HTC) systems. These 

systems provide temperatures close to indoor comfort temperatures at the 

emission level, e.g. within 23–35 °C for LTH and 15–22 °C for HTC [31].  

Radiant heating and cooling (RHC) emission systems are LTH and HTC 

systems which have been proven to maintain a higher level of overall 

thermal comfort [41, 42, 43, 56] and higher efficiency than all-air systems 

(see e.g., [44, 45]). ASHRAE [46] defines RHC systems as emission systems 

in which radiant heat transfer accounts for more than 50% of the heat 

exchange within a conditioned space. In radiant emission systems, the 

heating and cooling fluid (normally water) flows into the pipes from where 

the heat is being transferred from/into the building to maintain thermal 

comfort [23, 24]. Ning et al. [48] categorized radiant emission systems on 

the basis of their response time: 1) radiant ceiling panels (RCP) which offer 
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a quick response time (1.8–6.5 min) since the pipes are attached to thin 

conductive metal panels fixed to the ceiling structure; 2) embedded surface 

systems (ESS) characterized by pipes embedded within the surface layer 

and insulated from the ceiling structure, with a medium response time (0.8–

8.7 h); and 3) thermally activated building systems (TABS) in which the 

pipes are thermally coupled and embedded in the central core of the 

ceiling/floor structure, exploiting the thermal mass potential of the massive 

concrete layer with, consequently, a slow response time in the range of 8.7–

18.8 h (Figure 1-4). The latter system, TABS, has a high time constant 

due to the large thermal capacity, and thus storage capacity, integrated 

into the system. Thanks to its large thermally activated surfaces and high 

thermal storage capacity, TABS can store the energy and release it 

gradually and thus the productions system can work in lower temperature 

for heating and higher temperatures for cooling than other radiant systems. 

TABS can effectively provide thermal comfort with LTH (23 °C-29 °C) and 

HTC (18 °C-22 °C) [16] and thus can efficiently work in combination with 

production units that use renewable energy sources. 

Incentives for integrating storage capacity into heating and cooling systems 

have been widely discussed in the literature (e.g., [16, 17, 18, 19, 20]). 

Traditionally, storage capacity (such as a storage tank) assists a local heat 

production unit (such as a boiler) to deliver heat with an assigned water 

temperature to the emission system continuously. In fact, storage capacity 

can shift the demand in the building or local production so that it matches 

the supply. The advanced application of storage capacity is referred to as 

an active demand response (ADR) feature [21]. ADR regulates the demand 

to match with the production since renewable electricity production 

inherently contains uncertainties. ADR entails a potential flexibility on the 

demand side which can be provided by storage capacity. Moreover, ADR 

can help the district-level production system to shift demand and avoid 

simultaneous peaks (peak shaving) for all the buildings it covers. Similarly, 

the production unit can be downsized in the building level when a storage 

capacity is integrated to the system. These bring about the opportunity to 

integrate more R2ES into the electricity consumption of the district [193] 

and saving in investment costs on the production side [53]. In the context 

of advanced heating and cooling systems, storage capacity includes, but is 

not limited to, batteries, storage tanks, and TABS. 
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Figure 1-4  Schematic 2D drawings of radiant systems [48] 

To summarize, in addition to providing high quality thermal comfort as a 

radiant emission system, TABS has three main advantages: 

a) It increases the flexibility of the electricity grid via load-shifting by 

thermally activating the building mass. The renewable energy electricity 

grid might experience curtailment[22]. Provided by TABS, the demand-

side flexibility can be used to create resilience to inconsistencies on the 

supply side. As a result, TABS can help increase the use of renewable 

resources while lowering carbon emissions from heating and cooling systems 

[16, 17, 18, 19, 20, 21, 32].  
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b) It facilitates the downsizing of production units through peak shaving 

of the building thermal load (e.g., [40, 53, 60]) and thus becomes financially 

useful. In practice, high investment costs obstruct the actual penetration 

of innovative HVAC systems in the market. Thus, it is essential that the 

production units that are connected to the TABS are appropriately sized 

to ensure the financial feasibility of sustainable HVAC technologies. 

c) It improves the performance of the production unit [35, 61]. Due to the 

large thermally activated surfaces, the system can effectively perform low 

temperature heating (23 °C-29 °C) and high temperature cooling (18 °C-22 

°C), which is also called “low exergy” system. Low exergy emission systems 

can use low quality energy sources, for example shallow geothermal energy 

sources, to efficiently provide comfort in buildings.  

Nevertheless, since the temperature differences between activated surfaces 

and interiors are small, the system’s heating and cooling power is physically 

confined. The maximum power of TABS is limited to the temperature 

difference between the surface of the TABS and the room. Moreover, as 

previously mentioned, TABS has high thermal inertia and thus a slow 

response time to control signals. As a result, in case of sudden fluctuations 

in the thermal loads of buildings, thermal discomfort has been occasionally 

reported [88]. For instance, when the TABS is in heating mode in an office 

building during the morning and suddenly internal gains and solar 

radiations increase and the heating demand disappears, TABS cannot 

rapidly change to cooling mode because it is already charged with warm 

water. Thus, the contingency of thermal discomfort in buildings with high 

peaks and sudden fluctuations in the thermal loads must be investigated 

and (if required) a rapid-reaction secondary emission system must be 

exploited. Such a system is called “hybrid TABS”, and is intended to 

guarantee thermal comfort in every building [4,5]. 

1.3.2 Sustainable production systems 

A heat pump transfers heat from a low temperature heat source to a high 

temperature heat sink using electric work. The working principle of a 

compression heat pump is conceptually depicted in Figure 1-5. In cooling 

mode, the heat is extracted from the building (the heat source) and sent to 

the environment (the heat sink); in heating mode, this process is reversed. 

Heat pumps are highly efficient and can thus improve the overall efficiency 

of the energy system. Their efficiency, however, is influenced by the 

temperature of the heat source and heat sink [30].  
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Heat pumps are also compatible with smart electricity grids [62]. This has 

convinced policy makers to consider a particular role for heat pumps in 

roadmaps to zero emission heating and cooling systems [11]. Increasing the 

number of heat pumps in heating and cooling systems has thus been 

introduced as an explicit target [14]. A seen in Figure 1-5, heat pumps in 

HVAC systems transfer heat from the building which is itself a heat source 

and heat sink to another heat sink and heat source.   

 

Figure 1-5  Simplified schematic of the flow process in a heat pump.  

In practice, there are various types of heat pumps. One of the most common 

approaches to classifying heat pumps is based on ASHRAE 

recommendation [15] which classifies heat pumps by their heat sources and 

heat sinks. Air source heat pumps (ASHP) use the ambient air as both the 

heat sink and the heat source. Ground source heat pumps (GSHP) use the 

ground as the heat source and the heat sink. Water source heat pumps 

(WSHP) use a water reservoir such as a pond or river as both the heat 

source and the heat sink. Each heat pump type has its own specific 

advantages and disadvantages. Designers must therefore consider using 

different heat pump technologies, or a combination of them, to achieve the 

solution that best meets the design criteria.  
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Previous studies have shown that up to 75% of CO2 emissions can be saved 

by GSHP deployment in comparison to conventional technologies such as 

boilers and chillers (e.g. [27, 28, 29]). Additionally, GSHPs are generally 

more efficient than ASHPs, and have lower operational costs [30]. GSHPs 

do not need to be exposed to the outdoor environment, and thus their 

compressor noise can be damped by locating them in, for example, a 

basement. As a result, they are not visible outside the building. More 

importantly, they do not need fans, which produce a great deal of noise. 

GSHPs transfer heat/cold to the ground, and thus excessive local outdoor 

temperatures are not an issue for them. On the contrary, ASHPs provide 

indoor comfort while producing noise and heat/cold outdoors. Thus, 

ASHPs are amplifiers of urban heat islands and noise pollution, in contrast 

to GSHPs. The maximum power of a heat pump is influenced by the 

temperature of the heat sink and heat source. Therefore, to guarantee the 

capacity of the ASHP to provide enough heat/cold during extreme 

temperatures, oversizing is inevitable. In contrast, GSHPs provide reliable 

maximum power due to the relatively stable temperature of the ground [35] 

and they do not need to be conservatively oversized. GSHPs also provide 

a seasonal storage capacity in the ground. For instance, the heat/electricity 

from solar system in summers can be sent to the ground via the heat pump 

to be extracted in the winter times for an efficient heating [66].  

Nonetheless, GSHPs require higher investment costs due to the need for a 

ground source heat exchanger (GSHX) [36]. Thus, benefits of GSHPs such 

as high efficiency, lower operational costs, and reliable maximum power 

might be overshadowed by high initial investment costs. In addition to the 

intrinsic higher investment costs, both GSHPs and GSHXs are commonly 

oversized due to the lack of a consistent and straightforward design 

methodology in practice. Thus, as seen in Figure 1-6, the share of GSHPs 

in the total number of HVAC installations is still very low. It has been 

observed that, for instance, less than 1% of the total HVAC installations 

in Italy consists of a GSHP system. Using a detailed techno-economic 

analysis (TEA) model, Morrone et al. [37] have shown how GSHPs can be 

financially viable in Italy for 20 years of operation. Similarly, an 

investigation of different HVAC solutions for China using a TEA model by 

Su et al. [38] has found that GSHPs are financially competitive. The reason 

for the contradiction between these academic findings and the practical 

reality is the lack of a set of general guidelines for the optimal design of 

GSHPs. The aforementioned studies include case specific findings and 

cannot be easily extended. Hence, it is commonly perceived that GSHPs 
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are not appropriate for every building. As a result, it does not appear as a 

common option on the designer’s table in the early-stage design, as they 

speculate that there is no guarantee of the financial feasibility of GSHP 

systems. 

 

Figure 1-6 Share of installed GSHP from total HVAC installations in Europe [39] 

1.3.3 Renewable energy source coupled to a storage-

integrated radiant emission heating and cooling 

system 

A Renewable Energy Source coupled to a Storage-Integrated 

Radiant Emission heating and cooling system is a broad, future-proof 

concept based on the combination of different innovative technologies to 

overcome pitfalls of the individual innovative heating and cooling 

technologies on both the production and emission sides. The integration of 

storage capacity in the emission system helps in peak shaving and load-

shifting at the building side, and also the renewable production unit can 

maintain a more consistent supply of sustainable energy. Conceptually, it 

also provides short- and long-term storage capacities to dampen probable 

curtailments in the energy supply, empowering the grid to potentially 

compensate all demand with renewable resources throughout the year. 

Moreover, if the storage capacity is optimally designed and controlled, the 

coupled renewable production unit can be downsized, which results in a 

significant investment costs saving. Additionally, the combination can be 

remarkably efficient in terms of operational costs due to lower maintenance 

and energy costs. Furthermore, the storage is integrated into the building 
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with no extra elements required, and in this way the building design can 

be both spatially efficient and visually elegant: this will interest architects 

and end-users in using this sustainable technology.  

1.3.4 What is hybridGEOTABS? 

The combination of GSHP with TABS has been introduced as GEOTABS. 

Demonstrated successfully [63], this system is a market-ready example of a 

Renewable Energy Source coupled to a Storage-Integrated 

Radiant Emission heating and cooling system. Compared to 

conventional systems such as a boiler and a chiller with fan coil units 

(FCU), GEOTABS has shown remarkable potential for saving energy (up 

to 37% [160]) and reducing CO2 emissions (by up to 80% [160]) while 

providing high quality thermal comfort [22]. 

Nevertheless, GEOTABS has a high thermal storage capacity and thus a 

high time constant. Rapid changes in the system’s operating mode, from 

cooling to heating and vice versa, nullify the purpose of the storage and 

can destroy the efficiency of the system. Thus, the system will efficiently 

work in buildings with low demand fluctuations, such as buildings 

appropriately designed for the GEOTABS concept [63]. While, generally, 

buildings are not specifically designed for a HVAC concept, but rather 

HVAC concepts are traditionally designed for a building. It is therefore 

difficult for the designer to anticipate the performance of GEOTABS in a 

random building. This could limit the application of GEOTABS to specific 

buildings such as buildings with good insulation level and fluctuations in 

thermal loads [66].  

To solve this issue, it was suggested that a fast-reacting system should be 

added to GEOTABS, and this combination was then called 

hybridGEOTABS. On the emission side, a hybrid system guarantees 

thermal comfort in a wide range of buildings when TABS provides the 

baseload. On the production side — the GSHP — a hybrid system that 

adds a cheaper source for peak loads can make the system more financially 

safe [67]. A thermal imbalance between heating and cooling is also an issue 

because it can cause extreme temperatures in the borefield and validate 

technical and legal constitutes [35]. The imbalance can then be resolved by 

adding a secondary system to the GSHP [68, 69]. A simplified scheme of 

the hybridGEOTABS system and its key components is depicted in Figure 

1-7. On the production side, the geothermal borefield is connected to the 

GSHP and the passive cooling heat exchanger (PCHX). The PCHX is used 
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when the temperature of the water coming from the borefield is low enough 

to be used for cooling on the emission side without activating the heat 

pump. This obviously results in very efficient cooling, because energy input 

is needed only for circulating the fluids in a loop [63]. TABS is connected 

to the GSHP and PCHX via the distribution system, to create the 

sustainable core of the technology. A secondary fast-reacting emission 

system such as a variable air volume (VAV) system is connected to the 

secondary production units such as boiler and chiller or ASHP to form the 

secondary part of the technology.  

 
Figure 1-7 Key components of hybridGEOTABS 

1.4 Challenges for hybridGEOTABS design  

1.4.1 So far so good! What is the problem? 

The IPCC’s AR6 reports by WGI and WGII [1, 2] have emphasized the 

need for an acceleration of the energy transition process. However, the 
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temporal dynamics of the energy transition impose a delay between the 

emergence of new, innovative technologies and their de facto presence in 

the market [70]. The delay has been diagnosed through the definition of 

technology life cycles (TLC) [71]. Using historical data, Gross et al. [72] 

have demonstrated the influence of the accessibility of energy technologies 

on their market penetration. They argued that market penetration must 

not be neglected, because the incumbents of the conventional technologies 

need to securely transfer to the innovative technologies. This secure 

transfer, as part of green policy, will be attained when the uncertainties 

surrounding technology deployment are sufficiently reduced [73] — the 

term “sufficiently” remains abstract. Thus, Grubler et al. [74] altered the 

discourse by asking “what does it take?” rather than “how long does it 

take?” to clarify the term “sufficient”. They argue that energy systems are 

normally highly complex, and are also referred to as a “system of systems”. 

These systems have a variety of stakeholders with different interests and 

complex interactions. The entire system cannot move to a new technology 

if it only inspires some of the stakeholders. Therefore, the incremental 

transition to innovative technologies in these systems is almost stagnant. 

This part of the TLC is mostly neglected by academia, since the market 

has traditionally taken the lead in this area. The market simplifies the use 

of innovative technology and expands its application. Technology 

deployment is then facilitated and commercialized. However, it has 

historically taken decades for the uncertainties to be diminished until, at a 

certain point, the actual potential of an innovative energy technology is 

unleashed, and the old technology is entirely phased out. The urgent 

necessity of decarbonizing the heating and cooling sector, however, results 

in an urgent need to facilitate the application of renewable heating and 

cooling systems. Although hybridGEOTABS is seamless in theory, and the 

hybrid system concept potentially avoids the pitfalls of GEOTABS 

technology, the complexity of the design procedure is an obstacle. This 

obstacle in the design phase has limited the application of 

hybridGEOTABS as a sustainable technology. Section 0 discusses the 

hybridGEOTABS design challenges, and Section 1.4.2 explains why the 

design challenges impede the application of the hybridGEOTABS 

technology. What is required to design hybridGEOTABS? 

1.4.1.1 Component-wise design 

hybridGEOTABS has multiple connected components. Each component 

has an optimal design procedure based on TEA models. However, it is 

important that the interactions between the components are incorporated 
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into an integrated design procedure. The individual components’ design 

procedures have been extensively discussed in the literature, and thus the 

reader is referred to related publications in the following sections, which 

will describe the importance and the complexity of the interactions between 

these components.  

TABS 
The idea of using a building’s internal surfaces as an emission system was 

inconsistently discussed before the 1990s. During the 1990s, research 

questions about the TABS were organized and Olesen [54] discussed “the 

possibilities and limitations of radiant floor emission systems”. The 

similarities between TABS and floor heating, which was already in use in 

those days, paved the way for investigations of TABS. For instance, 

Imanari et al. [56] continued the discourse with a comparison between 

TABS and conventional systems. Koschenz and Dorer [55] investigated the 

performance of TABS in the presence of a secondary emission system. 

Subsequently, standards such as EN15377-1 [57], EN15377-2 [58], and 

EN15377-3 [59], and the guidebook REHVA No. 7 [5924], organized all the 

information about radiant heating and cooling systems, and all emphasized 

the importance of control strategies. Finding the maximum power of TABS 

was recognized as the first question to be answered by designers. It was 

perceived that designers could assure thermal comfort by comparing the 

maximum power of TABS and the maximum thermal loads of a building.  

TABS has a mixed heat transfer regime which consists of conduction, 

convection, radiation, and advection. Power of TABS in a room is a 

function of the time and the room’s temperature. It was therefore concluded 

(e.g., [108, 109, 24, 40]) that the maximum steady state power of TABS 

reported in the previous documents was not reliable, and thus that dynamic 

simulation is inevitable. Two main questions remained: 1) how to find an 

optimal design for TABS for a case study using dynamic simulations, and 

2) how to control the TABS optimally.  

The first question found a straightforward answer. TABS has to be modeled 

and simulated dynamically, and then the optimal design of TABS can be 

derived for each building. Various studies (extensively reviewed in [47]) 

have been dedicated to methodologies for the automated modeling and 

simulation of TABS with a set of given parameters. However, it was 

observed that changes to TABS parameters result in minor changes in its 

performance. Thus, TABS parameters do not need to be changed for every 

building. Moreover, parameters such as the heat transfer coefficient 
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between TABS and a room, the time constant of TABS, and the thermal 

resistance in the piping system can be safely re-used in a variety of 

buildings, and accordingly the modeling task was simplified dramatically 

[104].  

Nonetheless, it was observed that the control of TABS has a major impact 

on its performance [53]. The relationship between the water supply 

temperature, the TABS surface temperature, and building demand is 

highly dynamic. A constant water temperature with circulating pump 

modulation can be used to control TABS, but these are not optimal 

parameters to exploit the dynamic behavior of TABS. Thermal discomfort 

and/or a malfunction of the energy-efficient device were observed as 

consequences of inappropriate control. For instance, due to high 

fluctuations in the building thermal loads in one day, TABS can be in 

heating mode while the secondary system is in cooling mode. This was 

because the control system could not foresee the fluctuations in the demand 

and may charge the TABS with warm water more than necessary. 

Traditionally, the control signal can be easily linked to the room 

temperature to provide thermal comfort. However, traditional control 

strategies do not suffice for TABS due to the temporal delay between the 

control signal and the enhanced power received on the room side. TABS 

control strategies, such as the unknown-but-bound (UBB) [88]  and pulse 

width modulation (PWM) [51] methods, define the control strategy as 

heating and cooling curves for the temperature of the supply water (TSW) 

of the system. Such methods, which are generally referred to as rule-based 

control (RBC) strategies, mainly provide a safe estimate of how the TABS 

can be controlled to guarantee thermal comfort. However, these strategies 

increase the energy use via overcharging of the TABS. Moreover, these 

conservative strategies lead to high investment costs through oversizing the 

system components [64]. They also cannot optimally utilize the peak 

shaving effect of the TABS. 

The application of more advanced controls that are typically used in 

process control engineering, such as model predictive control (MPC) (e.g., 

[105, 91, 52]) and adaptive predictive control using multiple linear 

regression (AMLR), have been investigated [115] and practiced successfully 

[116, 117]. MPC uses a mathematical model of the system (building and 

HVAC) and calculates the optimal values for control variables that respect 

the constraints (e.g. thermal comfort) to optimize a cost function (normally 

energy costs, thermal comfort, and CO2 emissions) [211]. AMLR estimates 

the control signals according to the prediction derived from historic data 
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about the building thermal loads. As such, AMLR does not include an 

optimization core and thus may not necessarily deliver an optimal control 

of TABS. While, this makes AMLR more accessible than MPC, it can make 

it a less efficient control strategy. Refer to [211] and [115] to find detailed 

overview for MPC and AMLR, respectively. 

Advanced control strategies showed a significant potential for reducing the 

sizing of the production unit and decreasing the energy use while providing 

improved thermal comfort. For example, Verhelst [64] investigated the 

optimal control of a GSHP in an office building that had a TABS. In that 

study, to size various components of the system, the TABS was first 

simulated and controlled using a simplified control in TRNSYS. Next, MPC 

was implemented on the previously designed system. Interestingly, it was 

observed that the GSHP and borefield had been significantly oversized and 

up to 40% cost saving potential was achieved through the integration of 

MPC and the design. Similar observations have been reported in which 

substantial peak shaving has been achieved by the use of TABS [40]. 

Production units were downsized when coupled to the TABS, by as much 

as 53% in an experiment by Arghand et al. [53] and by 39% in a study by 

Hu and Niu [60]. These savings were achieved by optimally activating the 

high thermal capacity of the TABS for peak shaving and load-shifting. 

Therefore, the high thermal capacity of the TABS and its optimal control 

must be integrated into the dynamic simulation to achieve a proficient 

design procedure which leads to optimal sizing of the components.  

The difference between the power of the production unit injected into 

TABS and the power received from TABS at the building side is the root 

of the complexity in the sizing of the production unit. This is also referred 

as the self-regulation of the TABS which makes the design analysis more 

complicated. Self-regulation in radiant systems is due to the fact that when 

the heating load occurs, the room temperature will be lower, and heat 

exchange between the room and the TABS will be increased automatically 

without injecting heating to the TABS for hours. As such, the power of the 

TABS in the room side does not necessarily equal to the power given to 

the TABS. The same phenomena apply in cooling mode when a TABS is 

deployed. Higher heat gains increase the room temperature and the heat 

transfer between the TABS surface and the room will increase 

automatically without changing the power injected in to the TABS.  

As depicted in Figure 1-8, the red dashed line is the power that is injected 

to the TABS and the red solid line is the power received from the TABS 
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in the building with a delay. The production unit is sized with the dark red 

line while the building thermal loads are compared with the light red line. 

This feature is addressed as the load shifting benefit of TABS in the 

literature [139]. Thanks to the high thermal inertia of TABS, the 

production unit does not need to follow the exact pattern of the building 

thermal loads and can be downsized [93, 101]. As conceptually shown in 

Figure 1-8, regions A and B represent different periods in which the share 

of TABS and the share of the secondary system are not similar while 

building demand is almost similar. The optimal performance of TABS is 

not equivalent in these regions, because the thermal loads on buildings in 

the days preceding and following these periods are not similar. The TABS 

dynamic is evident not only on an hourly basis, but also on a daily and 

weekly basis. Such periods can appear at any time throughout the year, 

and thus the designer needs to take a systematic approach to anticipating 

this issue during the design process, as it influences the sizing of the primary 

and (eventual) secondary emission and production systems. This systematic 

approach must therefore allow to optimally split the load between TABS 

and the potential secondary system, while providing thermal comfort in the 

rooms always. Additionally, the integration of these powers over time will 

demonstrate the annual energy use of each sub-system, and thus it is one 

of the design indicators which must be estimated. The optimal annual 

energy use is crucial in estimation of environmental impacts and 

operational energy costs. Finally, thermal comfort levels must be checked 

for at least a reference year of operation. Conclusions about the thermal 

comfort based on only one week of operation are not trustworthy for TABS 

[54]. 

  

  

  

  

  

 

  

  

  

         

      
          

           

                                          

                                                      
                                     

  

                                                                                                

                                                                                       

Figure 1-8 conceptual relation between the thermal power of the primary system 

production unit, TABS, secondary system and the building cooling loads for 5 

days from Friday to Tuesday in an office building, regions A and B represent 

examples of different definition of optimal behavior of TABS. 
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GSHP and borefield  
The capacity of a heat pump, also known as the heat pump size, is 

traditionally chosen on the basis of the building’s peak loads. Designers are 

accustomed to oversizing heat pumps because ASHP has a vulnerability at 

maximum power: the nominal power of an AHSP can be easily affected by 

the outdoor temperature [35]. Thus, the designer assumes a safe maximum 

building power, such as the steady state heating demand in design 

conditions, so that the heat pump can deliver enough heat in worst-case 

scenarios. However, using steady state building peak loads might result in 

oversizing of GSHPs, and consequently a remarkably higher investment 

cost. GSHP is less prone to maximum power deviation through the inherent 

lower fluctuations of ground temperature. Moreover, TABS has a peak 

shaving effect which can significantly influence the sizing of the GSHP. 

Thus, when a GSHP is coupled to TABS, the actual load that is needed 

from the GSHP, which is influenced by the thermal capacity of TABS, 

must be considered when sizing the GSHP and accordingly the geothermal 

borefield. Sizing the GSHP is straightforward if dynamic heating and 

cooling loads required by the TABS are used, instead of the building’s peak 

load.  

Regarding the geothermal borefield, conventionally the total length of the 

borefield is the first parameter to be evaluated [140]. There are various 

ways to mathematically model the heat transfer in the borefield in order to 

calculate its appropriate length. Spitler and Bernier [142] classified different 

borefield sizing methodologies into five distinct levels (L0 to L4) according 

to how much they account for dynamic behavior of thermal loads. L0 

includes simplified methodologies that only consider the peak-loads of the 

borefield and propose the borefield length based on a steady state 

estimation (e.g. VDI 4640 [143] mainly for only heating). L1 accounts for 

two pulses of the peak loads in heating and cooling modes, to calculate 

borefield lengths for heating and cooling modes (e.g. [144]). L2 

methodologies account for hourly, monthly, and annual peaks in heating 

and cooling modes and are thus called 6-peak methodologies (e.g. ASHRAE 

[140], [145]). L3 methodologies use two thermal pulses for each month, 

which results in higher accuracy but also a remarkable calculation burden 

(e.g. the GLHEPro tool [146]). Level 4 includes hourly dynamic simulations 

which can be performed by specific commercial borefield sizing tools (e.g. 

the earth energy designer (EED)tool [147]) or by borefield models in general 
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dynamic modeling and simulation programs (i.e. the Duct ground heat 

STorage (DST) model in the TRNSYS program, exemplified by Ahmadfard 

et al. [148]). 

L0 and L1 are used as simplified methodologies to estimate borefield length 

in order to initiate the TEA [38]. Nonetheless, Ahmadfard and Bernier [149] 

have shown that such simplified approaches can result in significant errors 

in borefield length estimation. The dynamic behavior of the heat flow in 

the borefield has a substantial impact on borefield sizing. L2 incorporates 

the dynamic behavior of the borefield thermal load to a high degree, and 

only requires limited input data. L3 and L4 result in higher accuracy, but 

also prohibitively higher calculation time, which adds costs that are not 

approved at this stage of the design.  

To conclude, according to the provided literature a good estimate of the 

optimal borefield design can be achieved by making appropriate 

assumptions about borefield parameters in the early stage of the design if 

a sufficiently detailed method is used. L2 methods can accurately estimate 

borefield length with limited input data. On the building side, time series 

of the building’s thermal loads can be sufficient to initiate the sizing of the 

borefield when using L2 methods. An existing validated tool developed by 

Peere et al. [144] has been presented as a free open-source Python code 

(available from https://github.com/wouterpeere/GHEtool) and can be 

integrated into the design procedure of hybridGEOTABS. This tool runs 

multiple simulations for the borefield iteratively, and finds the near-

optimum borefield sizing for a given set of borefield loads. 

However, a specific twist in the design of the GSHP and borefield in a 

hybrid system is that it is imperative to discover which part of the full load 

of the building should/will be covered by the geothermal system in the 

hybrid configuration. The load profile of the building therefore needs to be 

allocated (or split) between the two systems before the borefield sizing 

methods described above can be applied. Moreover, the use of TABS as the 

emission system makes the load split a more complex, dynamic problem. 

Thus, an additional step is required to incorporate TABS into the sizing of 

the borefield and GSHP.  

Secondary systems  
Secondary systems in hybridGEOTABS are conventional systems which 

provide heating or cooling faster than GEOTABS can. The control system 

does not need to be prepared in advance for the secondary system on either 

https://github.com/wouterpeere/GHEtool


Introduction  55 

the emission or the production sides. Boilers, chillers, and FCUs or VAVs 

are the traditional, although not the best performing, examples of possible 

components of secondary systems. Alternatively, a reversible ASHP, for 

instance, can be envisioned as the secondary production system, providing 

a fully electric hybridGEOTABS solution. Moreover, the replacement of 

traditional non-renewable resources on the production side by renewable 

solutions can be investigated further. Photo-voltaic (PV) solar panels are 

examples of such renewable resources. On the emission side, using 

ventilation ducts to send warm or cold air to the room, as air handling 

units (AHU) do, is a common solution [52, 91].  

Integrated design methodology  
The annual energy use of the primary and secondary heating and cooling 

systems must be calculated while considering the sizing of all key HVAC 

components. For example, if the size of the borefield must be reduced due 

to physical or financial constraints, this must be reflected in the annual 

load split between the TABS and the secondary emission system and thus 

the secondary production unit. As a result, the component sizes must be 

adjusted. The procedure must be quick and simple, so that it can be easily 

repeated with each change in the building's design, and thus building and 

HVAC design can be integrated. The back-and-forth process between the 

building load, emission systems, and the production units is foreseen in the 

design procedure. Moreover, the carbon emissions of each design scenario 

must be evaluated amid the investment and operational costs analysis. 

Picard and Helsen [75] developed an integrated design method for sizing 

the different components of a hybrid HVAC system which included 

GEOTABS. Using conventional sizing standards, they developed a Python 

code to find the economically optimal sizing by considering the investment 

and operational costs of each subsystem over a long period of time. They 

compared the maximum steady state power of TABS to the maximum 

building demand to decide whether a secondary system was needed, thereby 

neglecting the dynamic behavior of TABS. As mentioned earlier, dynamic 

simulation and optimal control of TABS are crucial to fully exploit the 

advantages of TABS, such as peak shaving to facilitate the downsizing of 

components and reduction of energy use. Furthermore, they assumed a 

fixed, specific maximum borefield power according to ISSO73 [152] to 

calculate the length of the borefield, while, as previously mentioned, a more 

accurate sizing of the borefield should consider the short-term and long-

term dynamic load behavior in both heating and cooling modes. 
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1.4.2 Early-stage design  

The design procedure of every system is a systematic approach to relating 

the design indicators to the design parameters. As such, the design 

procedure can involve a “method” that can be reused later, and by other 

designers in other cases. Having moved away from craft-based to methods-

based design, the design procedure of buildings became systematic from the 

1960s onward [174]. As such, the building procedure was organized in 

multiple steps. Soon after, advances in computational power and the 

emergence of design programs made building design a “method” with 

multiple steps with clear inputs and outputs. These methods could to some 

extent address the need for an anticipation of the energy performance of 

the building as outputs of the design procedure. Later, computer programs 

and simulations helped designers to anticipate building performance with 

a given set of design parameters. However, problems appeared when 

unexpected performance was related to design decisions that could not be 

easily changed. As such, the information provided by building energy 

simulation (BES) tools often became only evaluative rather than 

prescriptive, which made them inefficient for exploration of the solution 

space. Having reviewed the literature, Petersen [174] pointed out an 

enduring issue with building simulation tools: modeling and simulation 

tools are more focused on energy performance verification than on design 

support.  

A general trend to overcome this issue involved the use of simulation-based 

optimization tools that simulate numerous design scenarios and find the 

optimal design. However, Attia et al. [189] have argued that BES tools are 

useful at the detailed design stage, to solve problems in specific parts of the 

system, but not at the early-stage of design. The required inputs for these 

BES tools include the building design parameters, that are themselves 

subject of the early-stage design, and therefore their parameter values are 

still volatile [172].  

The issue became more pronounced with the emergence of innovative 

HVAC solutions. ASHRAE Standard 209 [171] was first published in 2018 

to address the need for early-stage design standards after the emergence of 

innovative HVAC solutions. The standard defines consistent procedures for 

the exploitation of building energy modeling at the early-stage of design. 

The design procedure of conventional HVAC systems is commonly 

separated from building design due to the minor interactions between them. 

Traditionally, the HVAC designer finds a solution that suits an appointed 
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building design. However, influential building design parameters, such as 

the insulation level or glazing percentage of the building, can influence the 

feasibility and performance of sustainable HVAC systems. Moreover, given 

a heating and cooling system that is integrated into the building’s 

structure, the feasibility of hybridGEOTABS is influenced by the building 

design to a greater extent. To conclude, building and HVAC should be 

integrated to optimize the design of sustainable HVAC systems such as 

hybridGEOTABS, coupling storage-integrated emission systems with RES. 

If the hybridGEOTABS concept is considered during the building design, 

the potential for cost-saving over the whole life cycle of the system can be 

higher. A substantial part, roughly 80%, of the life cycle cost of a system 

belongs to its lifespan after the design is finalized, and thus the operational 

cost savings are also confined by the design (Figure 1-9, left). HVAC 

designers also have more freedom in the early design stage. At this stage, 

they establish the design to be continued in the next stages, and thus make 

important decisions which are expensive, if not impossible, to change later. 

The right side of Figure 1-9 shows how the shape of an object (represents 

a design decision) can have an influence on the decision of the color of the 

object (represents another design decision). If rectangle is chosen as the 

shape in the first step, the colors pink and gray are automatically 

eliminated from the list for the next steps. This leads to the need for the 

early-stage design of buildings and HVACs to be integrated. Integrated 

design can be practically conceived of as a back-and-forth process of 

consultation between the architect and the HVAC designer. During this 

process, the impact of design decisions on the HVAC design can be 

investigated. Slight changes in building characteristics, such as insulation 

or glazing area, might have remarkable benefits for the HVAC.  

To achieve an integrated design procedure, architects and HVAC designers 

need to evaluate the implications of their decisions with limited input data 

at the early stage of the design. Although the implications for conventional 

technologies are well-known, there is a need for reliable simple guidelines 

in the early-stage design of complex technologies such as hybridGEOTABS. 

Designers need to assess quantitative design indicators such as thermal 

(dis)comfort, operational costs, investment costs, energy performance, and 

environmental impacts at the early stage of the design in order to be able 

to weigh HVAC different design solutions.  
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Figure 1-9 The conceptual relationship between design decisions and the costs of 

the product during its life cycle (left) adapted from [200], and design options in 

the various stages of design procedure (right). 

1.5 This PhD thesis 

A Hybrid Renewable Energy Source coupled to Storage-

Integrated Radiant Emission heating and cooling system was 

introduced as an abstract concept that meets the requirements of a low 

carbon and future-proof heating and cooling system. The concept was then 

explicitly embodied in the hybridGEOTABS concept. The latest reports, 

e.g. [26, 4] state that the heating and cooling technologies which are 

currently being discussed in academia are to a great extent able to 

decarbonize heating and cooling in the building sector. However, the fly in 

the ointment is a lack of simplicity in these technologies, which makes them 

intangible and inaccessible for practical use. It was mentioned that more 

synergy between different stakeholders in the building sector is required to 

decrease GHG emissions from building’s heating and cooling systems.  

However, innovative technologies are difficult to grasp, design, and 

therefore difficult and expensive to demonstrate in practice, and thus their 

application has remained limited and they are less common than 

conventional technologies. This book aims at providing a simple design 

procedure specifically for hybridGEOTABS as a sustainable heating and 

cooling technology. From a general perspective, this book sheds light on 

specific requirements for the design procedure of innovative HVAC 

systems. The design of hybridGEOTABS proposed in this book 

demonstrates an acceptable design approach that fulfills the requirements 

of innovative HVAC systems design in general, and the synergy between 

stakeholders in particular. 
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As explained in Section 1.4, hybridGEOTABS has multiple connected 

components. These components have their dedicated design procedure 

while interactions between them must be incorporated into the design 

procedure. It was explained that using TABS as a storage-integrated 

emission system results in a time delay between the production unit power 

and the power that is received from the TABS in the building. As such, 

TABS can smooth out the building loads and can thus lower the maximum 

power required from the production unit. This entails an optimal use of the 

high thermal inertia of TABS with an optimal control in dynamic 

conditions. On the other hand, TABS might not be able to cover all the 

building thermal loads in case of “high fluctuations” in the loads and it 

might not provide thermal comfort. It was mentioned that the term “high 

fluctuations” does not have a quantitative equivalence and it must be 

investigated via dynamic simulations. Hence, during the dynamic 

simulation, an advanced control strategy of TABS is required to utilize 

load-shifting and peak shaving to avoid oversizing the production unit 

connected to the TABS. Furthermore, the control must decide between the 

TABS and the secondary system for each hour of operation to guarantee 

thermal comfort and to achieve an optimal energy use of the entire hybrid 

system. This simulation must be done for at least for one year of operation 

to derive the load split during the entire year. The simulation time step 

needs to be short enough due to the short-term dynamics of the TABS (in 

the range of hours, therefore monthly or daily estimations cannot suffice). 

The outcomes of the simulations can be time series to be used for sizing 

the production units, especially the GSHP and the borefield. These all must 

be derived in a fast procedure that can be integrated to the building design. 

The integration is achieved via an iteration of building physical and 

geometrical parameters to investigate optimal building design and its 

associated HVAC design.  

To return to the beginning of the story, the simplicity of the early-stage 

design methodology was claimed to be the key to boosting the adoption of 

hybridGEOTABS in practice. On the one hand, non-trivial modeling and 

optimization tasks cannot be part of the integrated early-stage design 

methodology. On the other hand, the incorporation of dynamic modeling 

and optimization into the design methodology is inevitable, given the 

dynamic interactions of the system. This is exactly the point at which this 

PhD thesis aims to contribute.  

It is concluded from the literature review that dynamic simulation and 

optimal control of the thermal capacity of TABS are indispensable for the 
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design procedure. The optimal control also splits the building loads between 

the TABS and the secondary system to achieve optimal energy use and to 

guarantee thermal comfort. The task of developing the optimal control of 

TABS is problematic because current building simulation tools do not 

provide an automated optimal control for TABS. The control must be 

manually devised by the designer for each design scenario, which will be 

prohibitively time consuming.  

Current building simulation tools have adequate built-in components for 

dynamic thermal loads estimation. These tools provide means for 

automated building energy performance modeling and dynamic simulations 

and thus can be deployed for building design iteration. However, existing 

tools rely on complex mathematical formulation and cannot be directly 

coupled to a fast and optimal control strategy. Using an optimal control 

strategy which requires solving optimization problems during the 

simulations will result in high calculation time and cannot be easily 

incorporated in to an early-stage design tool. A simplified model is required 

such that it communicates with the complex model to receive building 

thermal loads as input, estimated accurately with a built-in ideal control 

system coupled to the complex detailed model. The surrogate simplified 

model then simulates the dynamic behavior of the building and TABS when 

the optimal control is used. As such, the optimal control algorithm can 

achieve fast simulations and thus can be integrated into the design 

procedure. 

The design procedure, as such, is applicable to every building if the building 

dynamic thermal loads are accessible. However, dynamic load calculations 

require some early-stage decisions to be made first. Therefore, the 

methodology is applicable for HVAC early-stage design but less practical 

for integrated HVAC and building early-stage design. To achieve the 

integrated early-stage design, a pre-engineering database is provided by 

this research. The pre-engineering step provides crucial information on 

expected sizing of the key system components and the energy performance 

estimations to the designer without the need for case specific simulations. 

The pre-engineering results are derived from dynamic simulations ran for 

thousands of case studies, using an existing database with precalculated 

dynamic building thermal loads as input, and their outcomes are organized 

in a database made available as a design tool. As a result, the HVAC 

designer can examine the HVAC design for a building with the database in 

a back-and-forth process to provide quick feedback to the architect to 

optimize the building design. However, the design database is still fast only 
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as an evaluative tool rather than as a prescriptive one. The HVAC design 

cannot direct the architect how to alter the design to achieve an optimal 

design. A dedicated design tool is required to inform architects about the 

consequences of their design decisions at the early stage of the design. This 

tool also must guide the architect on how to change the building design to 

improve energy performance and decrease environmental impact.  

To provide the pre-engineering results, optimal design of hybridGEOTABS 

is applied to thousands of case studies. Therefore, the design methodology 

must be automated and reasonably fast with a calculation time less than a 

minute. This requires simplifications in the different parts of the 

methodology.  To generalize the system configuration, variations in the 

connection of the emission and production units — such as the connection 

of the GSHP to the secondary emission system, connection of the ASHP to 

the TABS, or use of other secondary production systems (e.g. solar or 

biomass) — are not discussed here. These and many other variations allow 

for the incorporation of the specific requirements and opportunities of 

specific designs and can be developed in the detailed design stage.  

1.6 Organization of the book 

Chapter 1): hybridGEOTABS was introduced as a future-proof HVAC 

concept which is energy-efficient and energy-flexible. It was explained that 

barriers must be removed to make the use of such a technology a plug-and-

play for market uptake. This chapter also elaborated on the difficulties to 

optimally design building and HVAC systems. The introduction and a 

short literature review explained the need for the development of an 

integrated design procedure for hybridGEOTABS. This chapter discussed 

why a conventional component-wise design process will not lead to a robust 

design in this case. The early stage of design is the time to weigh different 

building and HVAC solutions against each other. At this stage, the full 

potential of this concept in terms of energy, CO2 emissions savings and 

financial competitiveness is evaluated to facilitate a fair decision. A design 

procedure was introduced that incorporates the dynamic interactions of the 

different components of the system. Methods for achieving the optimal 

design of hybridGEOTABS were explained. The reasons why TABS, as a 

storage-integrated emission system, is the most complex part of the design 

are discussed. It is then discussed why simplifications in modeling and 

optimization are required. Finally, the research objectives of this PhD were 

set out. 
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Chapter 2): The development of an automated approach to derive a 

simplified model of the building and TABS is described. The proposed 

approach is based on an inverse modeling technique and derives a simplified 

grey-box model of the building and TABS based on detailed dynamic 

heating and cooling loads obtained from detailed building energy 

simulations. This simplified model is then used to incorporate the dynamic 

behavior of the building and TABS into the design procedure. 

Chapter 3): The development of an automated optimal load splitting 

algorithm (OLSA), which uses heuristic algorithms, is described. OLSA 

uses the simplified model developed in Chapter 2 to optimally cover a 

building’s thermal demand with TABS and (if necessary) a secondary 

system. In other words, OLSA guarantees thermal comfort by using the 

secondary system when TABS cannot efficiently cover the all demand. 

OLSA provides the peak shaving effect of TABS by taking advantage of 

the delay between power being injected into TABS and the power being 

received at the room side from TABS. Finally, it gives the time series of 

the power of both the primary and the secondary systems for the entire 

year, so that optimal sizing of the components is achieved with the post-

processing described in the following chapters. 

Chapter 4): OLSA is used in an integrated HVAC and building design 

procedure and applied to case studies. The design procedure also provides 

a techno-economic assessment (TEA) of hybridGEOTABS and sizing of 

the borefield using an L2 sizing tool. The design algorithm described in this 

chapter relies on numerous simulations for the borefield and the building’s 

annual load split. It is applied to nine case studies, and the resulting 

optimal design of hybridGEOTABS is studied accordingly on the basis of 

the results of this chapter. General guidelines derived from these results are 

used in the next chapter to develop a simplified design methodology. This 

chapter is a demonstration of an early-stage dynamic simulation-based 

optimal design procedure.  

Chapter 5): the TEA model of Chapter 4 has a multi-step procedure 

which relies on multiple borefield simulations in addition to simulations 

with the OLSA. Moreover, it requires the building load time series to be 

calculated. Furthermore, it is deploying different computer programs. As a 

result, although it is a practical tool for researchers, it is less appropriate 

for quick estimations applied by HVAC engineers at the early-stage design. 

Using the simulation results from OLSA (Chapter 3) and based on the 

lessons learned from TEA in Chapter 4, a new and computationally efficient 
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design procedure is developed in Chapter 5. This can be applied to 

thousands of case studies from a database of building stock simulations. A 

new database of near-optimal hybridGEOTABS designs is thus provided 

for a wide range of buildings. The new database provides pre-engineering 

results to the designer. The hybridGEOTABS design can be evaluated by 

the designer using only high-level building parameters as inputs. Thus the 

back-and-forth relationship between HVAC and building is maintained by 

a simple assessment of the energy and environmental performance 

indicators for each building design. Moreover, the database supplies the 

required data for the meta-analysis conducted in the next chapter. 

Chapter 6): In this chapter, first the design tools required for HVAC 

designers and architects are differentiated. Informed-decision making is 

introduced as a vital feature of building and HVAC integrated design.  A 

design decision tree is identified as an appropriate and user-friendly tool 

for informed decision-making in architectural design. Therefore, a data-

analysis is performed on the outcomes from the previous chapter. An 

automated supervised machine learning algorithm, named classification 

technique, is used in the data-analysis. The most important simulation 

results are first graphically presented. In addition, the design decision tree 

is presented graphically and also as a computer program. The application 

of the decision tree is also exemplified in several case studies and the 

outcomes are discussed. 
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The organization of this book and the main research questions answered in 

each chapter are summarized in Table 1-1. 

Table 1-1 Organization of the book. 

Chapter Research question 
Publication as 

the first author 

1. Introduction 

What are the design 

requirements of 

hybridGEOTABS? 

 

2. Simplified Modeling of 

Building and TABS 

How can the dynamic 

behavior of TABS be 

incorporated simply? 

[120] 

3. Optimal load split 

algorithm 

How to incorporate optimal 

control of TABS into the 

early-stage design? 

[138,102,103] 

4. Techno-Economic 

Assessment of 

hybridGEOTABS 

What is the optimal design 

for hybridGEOTABS? 
[194, 101] 

5. Components Sizing and 

Performance Estimation 

How can the developed tools 

be used to design 

hybridGEOTABS at the 

early stages of the design? 

[195] 

6. Early-Stage Integrated 

Design Decision Trees 

How can an architect use the 

outcomes to achieve optimal 

design? 

[195] 

7. Conclusions   
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2.1 Introduction 

It was stated in Section 0 that the dynamic behavior of TABS and its 

complex heat transfer regime require dynamic simulations of the building 

and TABS to be integrated into the design procedure of hybridGEOTABS 

in order to fully exploit its potential. Dynamic simulations for energy 

performance simulation of buildings with built-in building components and 

an ideal control system are accessible. Iteration between building design 

and the dynamic simulation can be automated with the existing tools. With 

such automation, the building parameters can be altered, and different 

building designs can be achieved to seek an optimal building design. This 

can be found, for example, in [97, 187, 188]. However, the optimal control 

of thermal inertia of TABS has not been incorporated into the existing 

tools. It was mentioned that the control of TABS must optimally utilize 

the high thermal inertia of TABS to shift the load and must optimally split 

building loads between the TABS and the secondary system throughout 

the simulation. Such optimal control of thermal inertia of TABS requires 

integration of an optimization algorithm into dynamic simulations. Due to 
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this, the mathematical complexity of the model is a constraint to the 

system model. Based on these observations, the requirements for the 

modeling methodology developed in this chapter, to be used in the design 

methodology of hybridGEOTABS, can be listed as follows:  

1) The model must be mathematically simple while incorporating the 

dynamic behavior of the system. This facilitates the integration of 

optimal control of (thermal inertia) of TABS into the early-stage 

design.  

2) It must easily communicate with thermal loads calculated with 

existing tools. As such, built-in libraries and components in existing 

tools can be used for heating and cooling loads estimation at the early-

stage hybridGEOTABS design. This facilitates the automation of the 

building modeling and simulation task, which also enables the designer 

to iterate the building design easily to find the optimal design. This 

helps in integration of the building and HVAC design. 

3) It must automatically adapt to a new building design. The modeling 

methodology cannot require the designer to tune the model parameters 

manually with each change in the building design. This also helps in 

integration of the building and HVAC design. 

In this chapter, building modeling approaches are shortly introduced in 

Section 2.2. Then the methodology developed and used in this book is 

explained in Section 2.3. Finally, the methodology is applied on three case 

studies and verified against outcomes from a previously validated detailed 

model as explained in 2.4.  

2.2 Building energy performance modeling 

Building energy simulation (BES) has become increasingly important in 

the design and optimization of buildings alongside the development of 

innovative building and HVAC technologies. During the design stage, 

simulation can be used to assess the cost-effectiveness of energy 

conservation measures (ECMs), and during the operational stage, 

performance optimization measures can be tested. Development of new 

modeling tools has facilitated more detailed simulations which can offer 

high accuracy. However, the mathematical complexity of the models has 

always been a matter of concern. The primary constraints on model 

complexity are calculation time, required input data, and a cumbersome 

modeling task. These constraints influence the choice of the modeling 
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approach and also the level of detail to be added to the model. Three 

general approaches for developing building models have been listed in the 

literature as: black-box, white-box, and grey-box approaches [84, 85].  

Black-box models are data driven meaning that the model predicts the 

behavior of the system based on the history of the relation between inputs 

and outputs of the system by use of measurement data [100]. Black-box 

models can be developed after the building is built when the data from 

measurements are available. Although the black-box models can also be 

trained with white-box models, this option is not normally practiced since 

the availability of a white-box model can logically nullify the adoption of 

the black-box approach. The methodology for obtaining the black-box 

models can be easily extended to another case study. As such, a new model 

can be automatically developed with new data. To create a new model, the 

new measurements for the new building are substituted for the old ones. 

However, measurement data availability and richness are always a concern 

in black-box approach. 

The white-box approach is entirely based on the physical explanation of 

the system, that are energy and mass balance equations in the context of 

BES modeling. Walls, floors, shading systems, orientations, etc. and their 

interactions are modelled based on their physical properties [91]. The white-

box model can be developed using the building's specifications prior to 

construction. As a result, they can assist designers in forecasting system 

behavior and making necessary corrections to the related physical 

attributes, such as increased or decreased glazing or insulation. However, 

the white-box approach is labor-intensive, and the model cannot be 

automatically adapted to be used for another building. Simplifications in 

white-box models are unavoidable as it is impractical to model every single 

physical essence of a building. Then, the question is to what extent and 

where the simplification is applied, as well as the impact of the 

simplification on the accuracy of the model. There is, however, one key 

feature to keep the approach white-box; the parameters must have a 

physical explanation. 

Alternatively, a combination of the two previous approaches is used in the 

grey-box approach. To obtain a grey-box model, a prior knowledge about 

the system physics is used to draw the architecture of the model. Data 

analysis is then used to estimate the parameter values of the model [80]. 

Figure 2-1 visualizes a general framework for the grey-box modeling 

approach. Grey-box modeling enables the designer to grasp the crucial part 
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of the behavior of the system, depending on the application of the model. 

The architecture of the model, namely the number of parameters and the 

relation between them are chosen by the modeler. 

 

Figure 2-1 Flowchart of a general framework of the grey-box approach. 

As it was mentioned in Section 2.1, the mathematical complexity of the 

model developed in this work, is strictly limited. The model is being 

developed to be later used in an optimal load splitting algorithm (developed 

in Chapter 3) and the complexity of the model will impact the calculation 

time. All the three modeling approaches can provide a simplified model. 

Through a literature review, Kramer et al. [76] listed three main approaches 

to achieve a simple building model:  

1. Directly creating a simplified model from building properties [77]. 

2. Order reduction technique; where a detailed model is gradually 

simplified[78, 192]. 

3. Inverse modeling technique; where the model is developed to be as 

close as possible to validated data. [79]. 

The third option is a succession of the grey-box approach with an 

automated parameter estimation procedure. Haris et al. [81] listed the 

advantages of grey-box modeling with automated parameters estimation as 

flexibility, scalability, and interoperability making the grey-box approach 

appropriate for an automated modeling task. Flexible model architecture 

and tolerable parameter estimation procedure have guided researchers to 

deploy grey-box approach when developing simplified models. That is, in 

order to keep the model simple, model developers can be selective to 

capture the features of the system crucial to their applications and leave 

out the complexities that are ineffective in their application. This feature 

is exploited in surrogate modeling. Surrogate models mimic the behavior of 

the simulation model as closely as possible while being computationally 

cheap(er) to evaluate [209]. Grey-box models can be used for studies that 

require numerous simulations, such as in district systems or building stock 
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modeling, because grey-box approach yields good accuracy with lower 

mathematical complexity [210]. Moreover, the grey-box approach enables 

the modelers to adapt the model automatically to another case study or 

another building design using a general framework. For instance, modelers 

can use the same model architecture and repeat the parameter estimation 

automatically with new measurements. Furthermore, grey-box models are 

adaptable to the available input data and can be devised to communicate 

with a wide range of simulation and optimization programs. However, grey-

box modeling has inherent disadvantages that must be considered when 

developing a grey-box model for an application. Non-linear parameters or 

processes are often approximated by linear ones in the grey-box models. 

Moreover, physical details are often simplified by abstracting multiple 

parameters to one lumped parameter. Furthermore, the relation between 

one part of a model and another is normally not modeled. This 

simplification requires adequate knowledge about the system to avoid 

problematic simplifications in the system dynamics and interactions. 

2.3 Methodology 

The purpose of the surrogate model is to emulate the thermal dynamic 

behavior of the TABS and building when having the hourly heating and 

cooling loads of the building as input. As such, building parameters such 

as shading, glazing area, internal gains, orientation, insulation level, and 

climate have influenced the building thermal loads that are used as an 

input signal (named �̇�𝑡𝑜𝑡𝑎𝑙) to the model. Abstractly defined. �̇�𝑡𝑜𝑡𝑎𝑙 refers 

to the time series of the heat that must be injected/rejected to/from the 

building to keep its temperature equal to the comfort temperature. The 

novelty of the methodology developed in this chapter is that calculation of 

the building thermal loads (�̇�𝑡𝑜𝑡𝑎𝑙), which entail much mathematical 

complexity, and the thermal dynamic behavior of TABS and the building 

are separated. This is due to the fact that �̇�𝑡𝑜𝑡𝑎𝑙 is easily accessible with 

existing building energy simulation programs. However, these programs 

introduce mathematical complexity to the models to foster automated and 

accurate building energy performance estimation. The mathematical 

complexity halts the integration of the detailed models into the early-stage 

design. The methodology developed in this chapter provides a simplified 

dynamic model of the TABS and building to be used in the early-stage 

design methods developed in this book. 
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To model the thermal dynamic behavior of the TABS and building, a 

similar model architecture (derived from the literature as explained in 

2.3.1) is used for all the case studies. Then, the parameter values of the 

grey-box model are related to the building parameters using fixed 

coefficients (explained in 2.3.2). Hence, as the building parameters change, 

so do the absolute parameter values automatically. The coefficients are 

found (in 2.3.3) with an inverse modeling technique by minimizing the 

model error for a variety of case studies. The obtained model architecture 

and coefficients are then used for all the case studies in this book. 

2.3.1 Model architecture 

The model architecture is discussed as the first question in the grey-box 

approach. The architecture is designed using a prior knowledge of the 

system physics. Therefore, the system has to be studied first.  

Gwerder et al. [88] developed and validated an integrated resistor-capacitor 

(RC) model for TABS and building zones, also known as the EMPA model 

[176] (Figure 2-2). Corresponding to the physics of the TABS, the left side 

of the figure is representing the modeling of conductive heat transfer in the 

concrete slab. The right side of Figure 2-2 depicts the heat transfer model 

in the building with indication of the heat losses and gains. Some additional 

information about the building is needed for using such a model. For 

instance, �̇�𝑔 (heat gains) must be calculated separately considering solar 

gains and internal gains. Similarly, heat losses of the building need to be 

calculated considering the heat loss areas and their heat transfer properties, 

indoor and outdoor conditions.  

The original EMPA model focused on the TABS side while Lehmann et al. 

[95] investigated how to improve the EMPA model for use in MPC. They 

expanded the RC model on the building side in comparison to the original 

EMPA model. In this approach, however, the building thermal properties 

are added to the model manually, leaving no room for automation of the 

modeling and building loads calculation. On the other hand, Sourbron et 

al. [108] investigated simplifications on the EMPA model to see if it can be 

simplified on the TABS side. The authors assessed a variety of model orders 

and finally deployed a second order model of building and TABS to 

be used in their model-based control. The authors used TRNSYS for 

estimation of the building loads such as solar gains and then used it as 

inputs to the simplified model. They then calculated the building heat loss 

from the heat loss areas such as walls and windows using the simplified 
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building and TABS model. Sourbron [105, chapter 5], however, concluded 

that using only one capacitor to model conduction heat transfer in the 

TABS will cause inaccuracies in heat transfer calculation specially in near 

steady state conditions. Hence, higher order RC models yield higher 

accuracies in the heat transfer profile within the concrete slab, if the 

constraints on the mathematical complexity of the model allows a more 

complex model. To conclude, the building model of the EMPA can be 

simplified to a low order model to decrease the mathematical complexity 

of the model. Remind that the pure heating or cooling hourly loads of the 

building (�̇�𝑡𝑜𝑡𝑎𝑙) contains all the building loads including solar gains, 

internal gains, and heat losses and gains from the building envelope. Thus, 

only the thermal capacity of the TABS and building needs to be modelled 

with the simplified RC model if �̇�𝑡𝑜𝑡𝑎𝑙 is used as the model input. 

Figure 2-2 The RC model developed by Gwerder et al.[88] (a), 

the RC models investigated by Sourbron et al. [108] (b) 

a 

b 
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In this study traditional secondary systems are assumed, firstly in order to 

simplify the sizing of the secondary system as the focus lies on its 

complementarity with GEOTABS, and secondly to be able to compare a 

so-called expensive and innovative system with low environmental impact 

(as an alternative scenario) to a cheap system with high environmental 

impact (as a baseline scenario). The secondary systems are simply sized on 

the basis of the maximum loads that are required from them on the building 

side after applying the load split between GEOTABS and the secondary 

systems. It is fairly assumed that, with conventional emission systems, the 

heat transfer between the production unit and the building has a negligible 

temporal delay. As a conclusion, the secondary system power is assumed 

as the power that is injected to the building zone directly without modeling 

the secondary emission system.  

Simplified RC models of buildings have been extensively studied in the 

literature. For example, Berthou et al. [83] and Harb et al. [87] investigated 

different simplified building model architectures with different complexities 

and concluded that the model with two capacitors, also called a second-

order model, can properly predict the building thermal capacity and 

accordingly the zone temperature for HVAC design purposes. Similarly, 

Attoue et al. [90] investigated the optimal order of the RC model for grey-

box models of buildings in various conditions. They reported the 

importance of calculation time step on the RC model prediction accuracy. 

Second order RC model showed the best performance for the case with 1-

hour simulation time step. Boodi et al. [84] in 2018 and Li et al. [85] in 

2021 reviewed trends in methodologies and applications of the grey-box 

approach and revealed a consensus among researchers regarding the use of 

second-order building models in simplified grey-box approach.  
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Figure 2-3 Grey-box modeling trends based on literature review study by Li et al. 

[85]. 

Finally, in this study a second-order RC building model as shown in Figure 

2-4 is used for predicting the thermal dynamic behavior of the building. 

The second-order model captures the short- and long-term behavior of the 

building. The thermal mass of the building envelope is lumped to one 

capacitor called CEnv while the thermal mass of the air in the building zones 

is lumped to one capacitor named CZone. CEnv captures the long-term 

thermal behavior of the building and CZone captures the short-term thermal 

behavior of the building. As seen in Figure 2-4 the power from fast emission 

systems is assumed to be received in the room without time lag. The system 

power (Q̇SecSys) is injected to the zone capacitor directly. A second thermal 

power (Q̇𝑃𝑟𝑖𝑚𝑆𝑦𝑠) is injected to the TABS. The building heat losses and 

gains are injected to the indoor capacitor node, CZone. 
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2.3.2 Parameter value estimation methodology  

Although the model architecture for all buildings may be the same, the 

parameter values of the building RC model coupled to the TABS must be 

estimated on a case-by-case basis. The model equations are first written. 

The parameters are then determined to be estimated. Finally, values of 

parameters are altered through iterative simulations until the model 

produces the best accuracy (remind Figure 2-1). The values that yield the 

best accuracy are used for the model.  

The RC-network is used to derive ordinary differential equations (ODEs), 

which are then transformed into state space matrices. As a result, a Linear 

Time Invariant (LTI) system is created to simulate the dynamic behavior 

of the building and TABS. As the first step, the ODEs of the proposed RC 

network are written in Equation 2-1 to Equation 2-4.  

 

Figure 2-4 Schematic of the RC model used in this 

study. 
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𝑑𝑇𝐶
𝑑𝑡

=  
(𝑇𝐶1 − 𝑇𝐶)

(𝐶𝑇𝐴𝐵𝑆1𝑅𝐶𝑜𝑛𝑑)/2
+ 
�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡

𝐶𝑇𝐴𝐵𝑆1
−
�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙

𝐶𝑇𝐴𝐵𝑆1 Equation 2-1 

𝑑𝑇𝐶1
𝑑𝑡

=  
(𝑇𝑍 − 𝑇𝐶1)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝑇𝐴𝐵𝑆)
+

(𝑇𝐶 − 𝑇𝐶1)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝐶𝑜𝑛𝑑)/2 Equation 2-2 

𝑑𝑇𝑍
𝑑𝑡

=  
(𝑇𝐶1 − 𝑇𝑍)

(𝐶𝑍𝑜𝑛𝑒𝑅𝑇𝐴𝐵𝑆)
+
(𝑇𝐸𝑛𝑣 − 𝑇𝑍)

(𝐶𝑍𝑜𝑛𝑒𝑅𝐸𝑛𝑣)
+ 
�̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐻𝑒𝑎𝑡
𝐶𝑍𝑜𝑛𝑒

−
�̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐶𝑜𝑜𝑙
𝐶𝑍𝑜𝑛𝑒

−
�̇�𝑡𝑜𝑡𝑎𝑙
𝐶𝑍𝑜𝑛𝑒

Equation 2-3 

 

𝑑𝑇𝐸𝑛𝑣
𝑑𝑡

=  
(𝑇𝑍 − 𝑇𝐸𝑛𝑣)

(𝐶𝐸𝑛𝑣𝑅𝐸𝑛𝑣)
Equation 2-4 

 

�̇�𝑇𝐴𝐵𝑆 = (𝑇𝑍 − 𝑇𝐶1)/𝑅𝑇𝐴𝐵𝑆 Equation 2-5 

𝑇𝑆 = 𝑇𝑍 + 𝑅𝑅𝑎𝑑+𝐶𝑜𝑛𝑣 ∗ �̇�𝑇𝐴𝐵𝑆 Equation 2-6 

𝑇𝑆𝑊 = 𝑇𝐶 + 𝑅𝑡 ∗ �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 Equation 2-7 

The equations are then written in the compact matrix format as below:  

𝑑𝑇

𝑑𝑡
= 𝐴𝐶𝑇(𝑡) + 𝐵𝐶𝑢(𝑡) + 𝐸𝐶𝑑(𝑡) Equation 

2-8 

Where : 

T(𝑡) = [TC(𝑡) TC1(𝑡) TZ(𝑡) TEnv(𝑡)]
𝑇 Equation 

2-9 
𝐴𝐶 = 

[
 
 
 
 
 
 
 
 
 
 −

1
2

𝐶𝑇𝐴𝐵𝑆1𝑅𝐶𝑜𝑛𝑑

1
2

𝐶𝑇𝐴𝐵𝑆1𝑅𝐶𝑜𝑛𝑑
0 0

1
2

𝐶𝑇𝐴𝐵𝑆2𝑅𝐶𝑜𝑛𝑑

−
1
2

𝐶𝑇𝐴𝐵𝑆2𝑅𝐶𝑜𝑛𝑑
+

−1

𝐶𝑇𝐴𝐵𝑆2𝑅𝑇𝐴𝐵𝑆

1

𝐶𝑇𝐴𝐵𝑆2𝑅𝑇𝐴𝐵𝑆
0

0
1

𝐶𝑍𝑜𝑛𝑒𝑅𝑇𝐴𝐵𝑆

−1

𝐶𝑍𝑜𝑛𝑒𝑅𝐸𝑛𝑣
+

−1

𝐶𝑍𝑜𝑛𝑒𝑅𝑇𝐴𝐵𝑆

1

𝐶𝑍𝑜𝑛𝑒𝑅𝐸𝑛𝑣

0 0
1

𝐶𝐸𝑛𝑣𝑅𝐸𝑛𝑣

−1

𝐶𝐸𝑛𝑣𝑅𝐸𝑛𝑣 ]
 
 
 
 
 
 
 
 
 
 

Equation 

2-10 

𝐵𝐶 =

[
 
 
 
 

1

𝐶𝑇𝐴𝐵𝑆1

−1

𝐶𝑇𝐴𝐵𝑆1
0 0

0 0 0 0

0 0
1

𝐶𝑍𝑜𝑛𝑒

−1

𝐶𝑍𝑜𝑛𝑒

0 0 0 0 ]
 
 
 
 

Equation 

2-11 
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𝑢(𝑡) =

[�̇�𝑝𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡(𝑡) �̇�𝑝𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙(𝑡) �̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐻𝑒𝑎𝑡(𝑡) �̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐶𝑜𝑜𝑙(𝑡)]
𝑇

Equation 

2-12 

𝐸𝐶 = [0 0
−1

𝐶𝑍𝑜𝑛𝑒
0]
𝑇

Equation 

2-13 

𝑑(𝑡) = �̇�𝑡𝑜𝑡𝑎𝑙(𝑡) Equation 

2-14 

Note that �̇�𝑇𝐴𝐵𝑆 , TS , and TSW  are not directly used in the calculations but 

are used in further explorations in this book, and thus, will be calculated 

with  Equation 2-5, Equation 2-6, and Equation 2-7 whenever required. As 

mentioned earlier the parameter values for the RC model of TABS 

correspond to the physical explanation of the TABS with acceptable 

accuracy [105] while the building parameter values do not exactly 

correspond to physical attributes and thus they must be estimated. 

Therefore, RCond, RTABS, CTABS1, and CTABS2 are calculated as follows:  

CTABS1=L1* cConcrete* ρConcrete*ATABS Equation 2-15 

L1  is the thickness of TABS below the pipes as seen in Figure 2-4 and 

ATABS is the area of the floor covered by TABS. cconcrete is the thermal specific 

capacity of concrete and ρConcrete is the density of concrete. 

CTABS2=L2* cConcrete* ρConcrete*ATABS Equation 2-16 

L2 is the thickness of TABS between the pipes and the zone in Figure 2-4. 

Rcond= L2/ (hcond *ATABS)  Equation 2-17 

Rrad+conv= 1/( hrad+conv* ATABS)    Equation 2-18 

RTABS= Rcond + Rrad+conv Equation 2-19 

hcond is the conduction heat transfer coefficient of concrete. hrad+conv is the 

summation of radiative and convective heat transfer coefficient between 

the TABS surface and the zone [131,104]. To represent the position and 

configuration of TABS in this simplified model, the TABS parameters are 

varied. For example, for having TABS in the ceiling or floor, the heat 

transfer coefficients are varied and for having the TABS on both ceiling 

and floor, the TABS surface area is doubled.  

The other parameters, CZone, CEnv, and REnv, are estimated with an inverse 

modeling technique in which the model parameters are estimated by 

minimizing the deviation between training data (as the validated or verified 
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observations) and the model predictions. This can be explained 

mathematically as an optimization problem where the model parameters 

are optimization variables and the error is the objective to be minimized.  

𝑚𝑖𝑛
𝐹1,   𝐹2,   𝐹3   

  𝑗 =  𝑚𝑖𝑛
𝐹1,   𝐹2,   𝐹3   

√
1

𝑁
∑ (𝑦𝑉

𝑖𝑁
𝑖=1 − 𝑦𝐸

𝑖 )2
2 Equation 2-20 

Subject to: 

𝑇𝐸
𝑖+1 = 𝐴𝑑𝑇𝐸

𝑖 + 𝐵𝑑𝑢
𝑖 + 𝐸𝑑𝑑

𝑖 Equation 2-21 

𝑇 < 𝑇 < 𝑇 Equation 2-22 

In the cost function in Equation 2-20, yV  represents a verified  measurement 

(or verified model output) to be compared with yE as the estimated model 

output. TE is the vector of estimated states for time step i which includes 

for TC1, TC, TZ, and TEnv (see Equation 2-9). N is the model training period 

(total simulation time). Note that j is represented as root mean square 

deviation (RMSD) to facilitate further physical interpretation of the 

results, meaning that the rooting function and the division by N are not 

affecting the results, while they make the objective function value j more 

comprehensible. Equation 2-21 represents the discretized state-space 

matrices derived from the continues system differential equations 

(Equation 2-8) as the governing equation. Equation 2-22 is the constraints 

of the optimization algorithm which are maximum and minimum allowed 

temperatures in the building. F1, F2, and F3 are the optimization variables 

that are meant to be estimated. These coefficients are embedded in the 

governing equations as will be explained later. 

N and y  are chosen considering the purpose of developing the model. A 

one-year period is chosen in this study because the model is estimated for 

the design purposes. Hence, the error in heating, cooling, and intermediate 

seasons must be minimized. Similarly, y is considered the ideal heating and 

cooling demand of the building. The surrogate model must predict the ideal 

heating and cooling demand of the building that is exposed to the heat 

losses and gains. Here, the ideal demand represents the heat that is needed 

to keep the zone temperature within the constraint as in Equation 2-22 

(𝑇𝑍 =21 °C and 𝑇𝑍=25 °C in this case). The temperature range is not 

threatening the generality of the methodology, while it should be wide 

enough to enable the estimation procedure to sense the thermal capacity of 
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the system and imitate it with its estimated parameters. In this step no 

heat is injected to the TABS by the primary system and the secondary 

system is used to cover the demand entirely. By that, the parameter 

estimation algorithm will focus on the building part of the model. However, 

the TABS model is incorporated and the thermal mass of the TABS is 

considered while not activated by the production unit. This is crucial 

because the interaction of TABS and the building mass must be included 

in the parameter estimation as well. Conclusively, y is considered as follows: 

𝑦𝑉
𝑖 = 𝑄𝐼𝑑𝑒𝑎𝑙

𝑖 Equation 2-23 

In the verified model, an ideal heating and cooling system is used to keep 

the temperature within the expected range. In the simplified model, the 

secondary system is doing the same job as the ideal heating and cooling 

system in the verified model. Therefore, these two systems can be compared 

in the validation step.   

In Equation 2-21, u is the control vector and d is the vector of disturbances 

which is the building heating and cooling loads (�̇�𝑡𝑜𝑡𝑎𝑙). TE is the vector of 

estimated states (temperatures) and Ad, Bd, and Ed  are the discretized 

state space matrices of the system as explained earlier. Ad contains the 

values of capacitors and resistors of the model. The optimization algorithm 

has to find the best values for CZone, CEnv, and REnv to minimize the objective 

function. This results in changing the values in Ad in the optimization 

algorithm. At this step, normally the absolute values of the parameters are 

estimated and thus the parameter estimations must be repeated for every 

case study. In this study, however, the absolute value of the parameters is 

related to the physical features by intermediate coefficients. The 

coefficients are then estimated and reused for all the cases studies. As such, 

by changing the building U-value, heat loss surface area, and total 

conditioned area, the model parameters will change automatically. Thus, 

the absolute values of the RC model parameters are estimated with: 

𝐶𝑍𝑜𝑛𝑒 = 𝐹1 ∗  𝑐𝑎𝑖𝑟  ∗  𝜌𝑎𝑖𝑟 ∗ 𝑉𝑍𝑜𝑛𝑒 Equation 2-25 

𝐶𝐸𝑛𝑣 = 𝐹2 ∗  𝑐𝑤𝑎𝑙𝑙  ∗  𝜌𝑤𝑎𝑙𝑙 ∗ 𝑉𝑊𝑎𝑙𝑙 Equation 2-26 

𝑅𝐸𝑛𝑣 = 𝐹3/(𝑈 ∗ 𝐴𝑤𝑎𝑙𝑙) Equation 2-27 

𝑦𝐸
𝑖 = 𝑄𝑆𝑒𝑐𝑆𝑦𝑠

𝑖 Equation 2-24 
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VZone  is the volume of the air in the building which is roughly estimated 

by multiplication of the conditioned surface area and the height of the zone. 

VWall is the volume of the external walls which is approximated by the total 

wall surface area Awall and the thickness of the walls. In this study, heat 

loss surface area of the building is used to approximate AWALL. Cair and Cwall 

are the specific thermal capacity of air and walls. U is the average thermal 

transmittance of the building envelope.  Finally, F1, F2, and F3 as the 

optimization variables in  Equation 2-20 are estimated by an optimization 

algorithm to minimize the objective function J.  

Black-box optimization algorithms (also called simulation-based 

optimization algorithms) coupled to evolutionary search algorithms such as 

genetic algorithms (GA) and pattern search algorithms have been 

particularly chosen by researchers for parameters estimation in the 

literature, for they are applicable on various types of optimization problems 

[118]. The benefits of having an easy problem setup, being computationally 

efficient, and freely accessible with built-in functions are listed as the main 

reasons why these algorithms are chosen by different scholars in the 

literature. In this study, the patternsearch function in MATLAB 2018b is 

used in the parameter estimation algorithm. The schematic of the general 

estimation procedure is depicted in Figure 2-5. The blue boxes are repeated 

in the optimization loop until the convergence criteria are met and finally 

optimal values of F1, F2 and F3 are reported. 
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2.3.3 Implementation and verification 

The proposed modeling methodology directly relates the parameters F1, 

F2, and F3 to the geometrical and physical parameters Awall, Vzone, U, etc. 

according to Equation 2-25, Equation 2-26, and Equation 2-27. However, 

the model must correctly respond to changes in the other parameters such 

as climate, window-to-wall ratio, internal gains, solar gains. Due to the 

complexity of buildings and the prevalence of many independently 

interacting variables, it is critical to verify model outputs by reconciling 

model outputs with reliable data. The verification procedure is also affected 

by the modeling approach and the goal of developing the model.  

In this section, first the proposed modeling framework is implemented on 

three case studies to provide means for assessing the proposed methodology 

by comparing the results with the outputs from detailed simulations. 

Moreover, the results give the typical values for coefficients F1, F2, F3 used 

in the simulations in the next chapters and the accuracy of the methodology 

is assessed during the implementation of the methodology. Three case study 

buildings are selected in different climates with different window-to-wall 

ratio, internal gains (check [213] for occupancy schedule) and other 

calculate ideal 

demand  

�̇�𝑡𝑜𝑡𝑎𝑙 

No 

�̇�𝑖𝑑𝑒𝑎𝑙 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠 

 calculate heat 

losses and gains  

Detailed White-box 

building envelope 

model is made 

Star

t 

F1 , F2 , F3 

End 

j accepted? 

Random initial Guess for F1 , F2 , F3 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠 is calculated through 

simulation 

 

J is calculated 

Yes 

New guess for 

F1, F2, F3  

proposed by 

search 

algorithm 

F1 , F2 , F3 

Figure 2-5 Flowchart of the parameter estimation methodology. 
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parameters as listed in Table 2-2. Different geometrical properties of the 

case studies are also listed in Table 2-1. However, to keep the modeling 

task feasible, a similar prototype with three floors and the same zoning 

strategy is used in all the three cases as seen in Figure 2-6. The general 

geometrical parameters of the building like length, height, and width as 

well as the thermal properties are then varied to modify the geometrical 

design of the building envelope. The detailed building model is developed 

in Modelica according to the methodology elaborated by Mahmoud et al. 

[97] [see Annex E]. Mahmoud et al. [97] used a multi-zone building model 

in Modelica using mainly OpenIDEAS library. They provided hourly time 

series of heating and cooling loads of each zone in the building for one year. 

Each building can have multiple zones depending on the number of floors 

and the building layout. In this book, however, the loads of different zones 

are aggregated to derive a single heating and cooling time series for the 

entire building. As such, the provided grey-box modeling approach 

translates a multizone model to a single zone model. The aggregation is 

performed using summation of the heating and cooling loads of the different 

zones for each time step. Mahmoud et al. [97] used an ideal heating and 

cooling system with 23 °C as the set point (the set point could differ 

depending on the building typology as listed in Table 4 in Annex F). As 

such, their model calculates the pure heat/cold that must be 

injected/rejected to/from the zone to keep the building operative 

temperature equal to the set point. An ideal ventilation system with 85% 

heat recovery efficiency is assumed in their simulations.  

The proposed simplified model is not able to evaluate the contingency of 

condensation on the TABS surface and thus it is not studied in this book. 

Condensation happens when the surface temperature of the TABS is lower 

than the dew point temperature of the air in the zone. A sudden increase 

in moisture gain indoors or a decrease in supply water to improve cooling 

capacity can cause condensation. In this book also the water supply 

temperature in cooling is limited as well as the surface temperature of 

TABS. Moreover, European climates are used for the simulations in this 

research and is assumed that the humidity indoors are appropriately 

controlled. TABS is assumed to cover 80% of total conditioned area. Other 

parameters of TABS such as concrete thickness, heat transfer coefficients, 

and thermal conductivity of concrete are listed in Annex A. modeling  
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Table 2-1 Conditioned floor area (m2) of  

different zones in the three case studies.  

 

Table 2-2 Characteristics of different case studies 

parameter Case 1 Case 2 Case 3 

climate Madrid Warsaw Brussels 

Overall U-value of 

opaque (W/m²K) 
0.5 0.27 0.15 

Total gross area 

(m2) 
4733 4772 4257 

Glazing area 

percentage 
15 15 15 

n50-value 5.0 2.0 0.6 

Internal gains 

(W/m2) 
33 33 18.5 

Volume Gross (m3) 17399 22066 18681 

Shading system yes No No 

Number of floors 3 3 3 

Orientation North North North 

 

Figure 2-6 Different zones and 

floors in the case studies. 
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As previously stated, the parameter estimation is not intended to be 

repeated for each case study in this book. Thus, the coefficients F1, F2, F3 

are estimated in such a way that they can be applied to a variety of case 

studies. Therefore, the coefficients F1, F2, and F3 are derived by 

minimizing the error for the 3 case studies combined. Thus, the objective 

function in Equation 2-20 is altered as follows:  

Where j is the objective function value of each case study as shown in 

Equation 2-20 subjected to the same constraints as before. k is the number 

of the case study: case1, case2, and case3. Accordingly, the estimation 

algorithm gives F1, F2, and F2 which bring the minimum summation of 

the error of the three cases. 

2.4 Results  

2.4.1 Parameter values and interpretation 

The most important outputs of the parameter estimation algorithm are the 

values of the coefficients which are F1= 3.15, F2=0.15, and F3=0.1. These 

values can be roughly interpreted when attributed to the main parameters 

in the model. Accordingly, F1 implies that CZone in the model should be 

more than 3 times higher than its physical value. F2 means that CENV 

should be only 15% of its physical value. In other words, regardless of the 

TABS, only 15% of the building envelope thermal mass is activated. This 

also can be related to the TABS in the ceiling which transfers the heat with 

the room easier and faster than the envelope and thus does not allow the 

other entities to absorb the heat.  

The sensitivity of the objective function to the parameter values can be of 

interest. Figure 2-7 visualizes the relation between the set of parameter 

values and the normalized objective function. Note that the normalized 

objective function J (denoted NRMSD) is the summation of the normalized 

individual objective functions jk of the three cases studies. To normalize jk 

for a case study, it is divided by the maximum of the thermal loads of that 

case study.  

𝑚𝑖𝑛
𝐹1,   𝐹2,   𝐹3   

𝐽 =  𝑚𝑖𝑛
𝐹1,   𝐹2,   𝐹3   

∑𝑗𝑘
3

𝑘=1
Equation 2-28 
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Figure 2-7 shows that the sensitivity of the model accuracy to F1 is 

substantially higher than for the other parameters. When F1 is around 3, 

the NRMSD value does not experience extreme values even with high 

fluctuations in the other parameters. On the contrary, when F1 is far from 

3, NRMSD is scarcely low, regardless of the value of the other parameters. 

Moreover, two distinct regions are recognized looking at F3 values. When 

F3 is higher than 0.075, NRMSD is mostly below 0.2. Similarly, when F3 

is lower than 0.025, NRMSD experiences values as low as 0.2. While, the 

middle values for F3 result in a high NRMSD.  

 

Figure 2-7 Normalized objective function value attributed to each set of 

parameter values, one point is shown as an example, note that the 3D 

representation is to observe the sensitivity. 

2.4.2 High-level indicators to assess the modeling 

accuracy 

BES models are created for practical purposes such as architectural and 

HVAC design assessments. As a result, the idea of validation is not to 

establish the truth of a scientific theory, but to evaluate and quantify 

whether the model is suitable for its specific purpose [170]. Hence, the 

annual energy use and the peak loads in heating and cooling are the first 
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indicators to be studied in this research as the modeling methodology was 

developed to be used in an early-stage design procedure. 

To normalize the deviation, the difference between the reference 

observation and the estimated observation is divided by the reference 

observation. It is seen in Table 2-3 that the maximum deviation in Madrid 

and Warsaw is 9.8% in heating mode. The case study in Brussels shows a 

relative deviation of 13.3% in heating peak load while the absolute 

deviation is 4 kW which is negligible considering the purpose of the 

methodology. Remark that this building is a passive building, and thus has 

low heating demands. Likewise, the high relative deviation of 40.4% in the 

estimation of the annual heating demand of this building is in fact only 1 

kWh/m2/year. In cooling mode, the deviations remain between 2 and 4.1%. 

The methodology always stays on the safe side as the peak loads and the 

annual loads are overestimated in all cases in heating and cooling modes. 

Table 2-3 comparison between the verified and estimated peak loads and annual 

load for the three case studies.  

   Madrid Warsaw Brussels 

Peak 

loads 

Heating 

Verified (kW) 122 103 30 

Estimated (kW) 134 113 34 

Deviation (%) 9.7 9.8 13.3 

Cooling 

Verified (kW) 256 321 136 

Estimated (kW) 266 328 140 

Deviation (%) 4.1 2.0 3.0 

Annual 

loads 

Heating 

Verified (kWh/m2/year) 33 28 3 

Estimated (kW/m2/year) 36 28 2 

Deviation (%) 6.9 0.4 40.4 

Cooling 

Verified (kW/m2/year) 49 72 36 

Estimated (kW/m2/year) 51 73 37 

Deviation (%) 4.1 2.5 3.2 
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2.4.3 Analysis of the residuals  

According to the parameter estimation procedure in Figure 2-5, residuals 

(also generally called errors) are defined as the difference between the ideal 

demand estimated with the simplified model and the detailed model 

(�̇�𝑆𝑒𝑐𝑆𝑦𝑠- �̇�𝑖𝑑𝑒𝑎𝑙). The analysis of residuals is performed to: 1) evaluate the 

magnitude of the error for the three case studies, 2) reveal the differences 

between the three cases in terms of the accuracy of the model, and 3) find 

out the distribution of the residuals throughout the year.  

The magnitude and distribution of the residuals can be deducted from 

Figure 2-8 to be compared with the ideal demands. The order of the 

absolute residuals is close in the three case studies. The maximum absolute 

error is around 10 kW in the heating season and lower than 10 kW in 

cooling season, while a maximum of around 30 kW is observed in the 

intermediate seasons. Additionally, a distinct pattern appears in the three 

case studies. The midseason is generally more error-prone with the 

simplified model. Clearly, the magnitude of the building load is not 

meaningfully influencing the behavior of the residuals, while the dynamic 

of the load is influencing the residuals. The model has difficulty to capture 

the successive charging and discharging of the thermal capacity in the mid-

seasons, compared to only cooling and only heating seasons. However, it 

was previously observed (Table 2-3) that the annual loads and the peak 

loads are calculated with acceptable accuracy and thus the inaccuracy in 

the mid-seasons is acceptable for design purposes which is the application 

of the current study. 
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Figure 2-8 Comparison between verified ideal demand calculated by the detailed 

model and the residuals between the estimated ideal demand and the verified 

ideal demand for the three case studies. 

The distribution of the residuals in the three case studies is reported in 

Figure 2-9. The distribution confirms the fact that the extreme deviations 

are the outliers. The relatively normal distribution of the residuals in the 

three cases imply that the systematic overestimation and underestimation 

of the error is negligible. However, outliers in Brussels are significantly 

higher than the other cases. Figure 2-8 previously showed that the highest 

residuals are observed in intermediate seasons when frequent shifts from 

heating and cooling are occurring. The absolute magnitudes of these 

residuals were observed to be of the same order (10 kW), but the 

magnitudes of the idealized demand in the instance study in Brussels are 

significantly smaller than in the other case studies. As a result of a lower 

maximum demand for the case study in Brussels, the outliers relative 

residuals in this case study are larger than in the other case studies. 
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Figure 2-9 Distribution of the residuals between verified and estimated ideal 

demands divided by the maximum ideal demand in the three case studies. 

2.4.4 Indoor temperature  

The building thermal loads are directly related to the indoor temperature 

and thus the indoor temperature is a valid indicator to evaluate the model 

accuracy for the design purpose. However, the temperatures in the grey-

box model do not exactly correspond to a physical attribute in the detailed 

model for two reasons; 1) the grey-box model is a single zone model and 

the Modelica model is a multizone model, 2) the zone temperature in the 

Modelica model is the operative temperature while TZ in the grey-box 

model represents neither operative nor air temperature. Hence, a specific 

procedure is developed (Figure 2-10) to evaluate the consequence of 

simplifications in the model for thermal comfort. The primary goal of this 

exercise is to determine whether the detailed Modelica model of the 

building and TABS can be safely replaced with the simplified dynamic 

model developed in this chapter to be used in the early-stage design 

methods that will be described in this book. As a result, no heating and 

cooling system is coupled to the Modelica building model, and the same 

amount of hourly heat and cold (time series) are injected into both models 
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(simplified and Modelica models), and the zone temperature estimated by 

the two models is compared. 

 

As such, only in this step, the grey-box model is used to calculate the 

temperature of each individual zone (called TZE which stands for estimated 

TZ). The zone temperature calculated by the Modelica model, called TZV, 

which stands for verified TZ from the verified dataset, is compared with 

TZE. By that, the comparison of the temperatures is performed for a 

multizone model in both Modelica and simplified models. Moreover, in the 

Modelica model, each zone requires a separate heating and cooling input 

that is originally estimated with the control system. While, in this exercise 

no heating and cooling system is coupled to the Modelica building model 

and heating and cooling power are precalculated with the simplified model 

and then are injected to the zones (Figure 2-10). Thus, the time series must 

be calculated for each zone separately. However, in next chapters when the 

model is applied for design purpose, the analysis is in the building level. 

Note that although TZV does not exactly correspond to the physical 

explanation of TZE, yet it is the most relevant parameter to be compared 

[108]. TZV corresponds to the zone air temperature reported by the Modelica 

model which is the operative temperature. While, TZE is the zone capacitor 

temperature in the simplified model. It is inherent to the grey-box modeling 

approach that the parameters do not exactly correspond to the physical 

explanations while they are compared with their closest physical attribute 

in the verified model (or measurements from a real system).  

�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and �̇�𝑆𝑒𝑐𝑆𝑦𝑠  with 

simplified model and T
ZE  is 

calculated 

�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and �̇�𝑆𝑒𝑐𝑆𝑦𝑠 are injected 

to the Modelica model and T
ZV  

is calculated 

�̇�𝑡𝑜𝑡𝑎𝑙 with detailed White-box model 

End Start 

T
ZV   is investigated 

Q̇total 

Figure 2-10 The operative temperature evaluation flowchart. 
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TABS is also activated in this step by injecting heat to it. To this aim, a 

MATLAB code was developed to use the RC model and add a control to 

maintain the thermal comfort in the case studies. The details of the control 

can be found in chapter 3, but they are not important at this point since 

the accuracy of the estimated temperatures by the RC model is the only 

question at this section. The control strategy calculates the �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠 (see Figure 2-4) to keep TZV within 21-25 °C. The calculated time 

series of powers (�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and �̇�𝑆𝑒𝑐𝑆𝑦𝑠) are then injected into the detailed 

Modelica model of each zone in the case study. The main outcome of the 

Modelica simulations are the operative temperatures calculated by the 

detailed model, compared to the predicted temperatures by the simplified 

model.  The procedure is shown in Figure 2-10. 

The distribution of the operative temperatures in all zones and all the three 

case studies for the entire year are shown in boxplots in Figure 2-11. It can 

be concluded from the graph that the thermal comfort can be achieved 

with the simplified model. Figure 2-11 shows that the operative 

temperature in the verified model (TZV) in all the three cases and all zones 

is never higher than 26 °C and never lower than 20 °C. Moreover, it is 

observed that the zone temperature in case 3 (in Brussels) is almost never 

out the intended bound (21-25 °C). For case 2 (in Warsaw) also the 

temperature is barely higher than 25 °C and lower than 21 °C. In case 1 

(in Madrid) the temperature is out of the intended comfort bound, slightly 

more than case 2 (in Warsaw). Considering the case properties case 1 is 

the most challenging case, as it has intensive heat gains and heat losses 

since it is not well insulated and it has high heat gains and solar radiations. 

Among all the zones, zone 6 in all the cases has the highest rate of 

overshooting. This zone is exposed to the ambient temperature with highest 

heat loss area through the walls and roof and simultaneously located in the 

ground floor. As a matter of fact, zone 6 in case 1 is the most critical zone 

among all the zones in all the cases and still the TZV is in an acceptable 

range. Zone 3 is the most neutral because it is in the center of the building 

and its surrounding zones are all conditioned. It is seen that the 

temperature in this zone is almost always close to 23 °C.  
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2.5 Discussion 

The proposed methodology has two important features; 1) it can 

automatically generate the model using high level building parameters such 

as total conditioned surface area and the overall U-value, 2) it is compatible 

with pre-calculated heating and cooling loads and thus captures building 

physical parameters such as glazing area, shading system, and internal 

gains with low mathematical complexity. Pre-calculated heating and 

cooling loads of the buildings have recently become accessible easier. There 

exists adequate modeling and simulation tools with existing libraries that 

simplify the modeling task. However, these models rely on abundant 

mathematical complexity and cannot be easily integrated in other tools and 

methods. In contrast to existing methodologies, the proposed methodology 

is only concerned with the thermal capacity of the building and TABS to 

eliminate the mathematical complexity of the other attributes of the model. 

The methodology can be used in applications like the one described in this 

thesis, where simplified models are required to simulate building thermal 

inertia. For example, in district energy systems with low mathematical 

complexity, where a variety of buildings are individually included in an 

integrated model, dynamic simulation to evaluate demand response 

capabilities will be possible.  

ASHRAE Guideline 14 [190] and ASHRAE Project 1051 report (RP-1051) 

[191] are two major resources that explicitly address the calibration of 

energy simulation models and accuracy separately. The RP-1051 project 

provided a calibration methodology that contains a fairly complete table of 

Figure 2-11 Operative temperature TZV in the detailed Modelica model using 

�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and �̇�𝑆𝑒𝑐𝑆𝑦𝑠 calculated by simplified RC model (horizontal axis shows 

the different zones e.g. Z1 MF represents Zone1 middle floor). 
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variables that can be modified to achieve a calibrated model [71], while 

Guideline 14 provides recommendations and statistical analyses to address 

the accuracy of building energy modeling. However, these frameworks do 

not simultaneously address the quantification of building energy simulation 

model complexity and accuracy. These frameworks generally recommend 

that the annual deviation between the estimated and validated loads should 

be less than 30% of the average demand for hourly calculations. These 

standards concern comparisons between measurement and predicted values 

with the model and thus are not directly applicable in this study as the 

comparison in this study was conducted between a previously verified 

detailed model and a simplified model. As such, analysis provided in Section 

2.4 can remain a verification step and will not represent a validation or 

calibration as they are referred in the literature. However, from the 

comparison in Table 2-3 and having ASHRAE Guideline 14 and RP-1051 

in mind, the author judges that a good accuracy was achieved by the 

proposed framework. 

The proposed methodology neglects the direct impact of geometrical design 

of the building on the parameter estimation, while the geometrical 

parameters of the building influence the heating and cooling loads. 

Heidarinejad et al. [192] investigated fourteen typical building shapes (T-

shape, rectangular, polygon etc.) and reported minor effect of the 

geometrical design on the energy use for large scale analysis and thus 

justified the general trend in simplified modeling [188] which is using 

rectangular shapes for buildings in simplified building energy performance 

modeling.   

The proposed framework separates the heating and cooling loads 

calculation from the dynamic behavior of TABS and the building. In 

reality, �̇�𝑡𝑜𝑡𝑎𝑙 is a function of the building temperature. For example, if the 

building set point is 22 °C during the heating season, the building heat loss 

will be lower than when the set point temperature is 23°C. This effect was 

disregarded in the proposed modeling framework, which also explains the 

observed overestimation of the building thermal loads in the result Section 

2.4.2. Lower deviations from verified data in the cooling mode are also 

attributed to this key assumption. Heat gains, such as internal gains and 

solar gains, are not affected by indoor temperature. Nonetheless, the results 

demonstrated that this assumption is not problematic in the context of this 

book. 
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In this study, the outcome of the optimization algorithm of the parameter 

estimation procedure was employed without post-processing of the results.    

The sensitivity of the model accuracy to F1, F2, and F3 revealed that the 

building model can be a first order model with a relatively close accuracy 

to the second order model. That is, F2 and F3 showed minor impact on the 

model accuracy. This was related to the high capacity of TABS which does 

not allow the inactivated building envelope to play a big role in building 

dynamics. This speculation necessitates more focused fundamental 

explorations, which could not be covered in this study due to the emphasis 

on methodology application. Reynders et al. [82] have previously 

highlighted the impact of the emission system type on the model parameter 

values. The authors estimated the thermal capacity of the building while 

using various emission systems, radiators, and underfloor heating, and 

found a difference in the parameter values for these cases. A future research 

topic could be a comparison between simplified model parameter values 

when using different emission systems including TABS. 

The same set of parameter coefficients was used in this study for all case 

studies. The approach, however, can be repeated for different parameters 

such as climate, geometries, glazing, and internal gains to derive parameter 

specific coefficients and, as a result, case specific coefficients. The criteria 

for terminating the parameter estimation procedure, on the other hand, 

will be difficult to choose. There is no clear guideline for determining which 

parameters are more important and which are not. It has been previously 

discussed, for example in [108], that the ratio of radiative to convective 

loads can influence model parameter values. However, there is no dedicated 

research on this topic in the literature as of yet. Thus, it requires a 

dedicated research in which first the important parameters are diagnosed 

through a sensitivity analysis and then the case specific coeffects are 

estimated. This entails the availability of adequate data for a variety of 

buildings. The data can be derived from detailed verified model of the 

building. However, the verification procedure will be labor-intensive and 

time-consuming. The added value is expected to be a guideline for accurate 

but simplified modeling of a variety of buildings.  

The impact of direct solar incidence on the floor surface is not captured 

with the model that is derived from the presented methodology. However, 

Feng et al. [109] showed that the direct solar incidence on the floor 

improves the power of TABS, if floor is activated layer of TABS, even up 

to 1.44 times more than the reported power without direct solar incidence 

on the floor. Thus, the presented model stays on the safe side for the cases 
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where glazing area and accordingly direct solar radiation to the slab are 

high. Yet, the exact quantitative definition of “high” glazing area in the 

context of TABS has not been addressed with a dedicated study and it 

would lead too far to try to answer it in this book. Therefore, in the detailed 

simulations for the case study buildings in the verification above, the 

shading system is activated when the solar radiation is higher than 150 

w/m2 as a common practice and thus the direct solar incidence is avoided. 

2.6 Conclusion 

The importance of TABS dynamic behavior on HVAC component design 

was emphasized in Chapter 1, as was the need for dynamic simulation. 

Existing building and TABS models, however, require 1) manual modeling, 

2) high calculation time due to high mathematical complexity. In this 

Chapter, a methodology for simplified modeling of the thermal dynamic 

behavior of buildings with TABS was developed. The methodology uses 

dynamic heating and cooling loads of the building (in this book calculated 

with a Modelica built-in library, while it could be by using any other 

program) and emulates the thermal behavior of the buildings and TABS 

with a simplified RC model. The parameter values of the simplified RC 

model were related to the building properties using fixed coefficients. By 

that, the parameter estimation does not need to be repeated for each 

building, making an automated modeling methodology possible. The 

coefficients were estimated by inverse modeling techniques. The entire 

methodology was applied on three case studies to derive typical coefficient 

values which can be applied on the case studies in this book.  The simplified 

models were then verified against detailed models. The results proved that 

the simplified RC model can replace the complex building model for early-

stage design to incorporate the dynamic behavior of the TABS and 

building. The peak loads and the annual demands are calculated with a 

good accuracy. The model response to a variety of control signals with 

variant frequency was not investigated and thus the approach as such is 

not recommended for control applications. As future work, coefficients 

associated with climate, glazing area, building geometries etc. can be 

calculated. It is anticipated that the parameter related coefficients can yield 

better representation of case studies with the same (low) mathematical 

complexity. The main drawback is the time that must be dedicated to 

deriving the model coefficients for each variation of the building 

parameters. 
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3.1 Introduction 

It was elaborated in Section 1.4.1.1 that the high thermal capacity of the 

TABS provides a flexibility in the supply side. As a consequence, the 

building loads can be spread out over time and thus be smoothed by the 

TABS. As such, the high thermal capacity of TABS, if optimally controlled, 

can result in a downsizing of the production unit and thus investment cost 

savings. This entails integration of the optimal control of TABS and the 

design. On the other hand, high thermal inertia of TABS results in slow 

reaction of the system to control signals. Therefore, in moments of high 

fluctuation in the loads, the control system cannot quickly switch the 

system mode from cooling to heating and vice versa because charging and 

discharging the TABS takes time. This makes it difficult for the HVAC 

designer to assess the extent to which the TABS can cover the thermal 

loads of a specific building design, and brings a risk of thermal discomfort. 

Although adding a fast-reacting secondary system (e.g. FCU) can 

guarantee thermal comfort, it results in a new design question: what is the 

optimal load split between TABS and the secondary system for a given 
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building design? Especially in the early-stage design, when the feasibility 

of the HVAC concept for a building project is assessed, a straightforward 

methodology is highly required. The appropriate design methodology must 

empower the designer to estimate the design indicators and facilitate the 

near-optimal sizing of the components of the main system. 

In this chapter an algorithm is presented that optimally splits the building 

thermal loads between the TABS and secondary emission system. The 

share of TABS from the total building thermal loads is defined as the 

baseload and the share of the secondary system is defined as residual 

loads. According to the literature review in Section 1.4, an optimal load 

splitting algorithm (OLSA) for use in an early-stage design method 

must:  

1) Make maximum use of the TABS while minimizing the total energy 

use 

2) Guarantee thermal comfort in the conditioned building zones 

3) Realize peak shaving through optimal use of the thermal inertia of 

the TABS 

4) Be automated with a reasonable calculation time (approximately 

one minute) 

To achieve the first and second objectives, the splitting algorithm was 

mathematically formulated as an optimization problem (Section 3.2) that 

runs over one year of building operation. The simplified dynamic model of 

the building and TABS, developed in Chapter 2, was used as the governing 

equations of the optimization algorithm and to assess thermal comfort 

while accounting for the dynamic behavior of the TABS. The algorithm 

also distinguishes the power of the primary production unit (i.e. GSHP) 

and the power of the TABS on the room side. Consequently, the peak 

shaving effect of the TABS is considered during the sizing of the production 

unit when OLSA is used in a design procedure, as explained in Chapter 4. 

To achieve the final objective, the mathematical complexity of the problem 

was decreased by introducing appropriate assumptions based on the physics 

of the problem. Simplifications in the modeling (achieved in the modeling 

Chapter 2) and optimization (explained in Section 3.3) were employed to 

decrease the calculation time. The algorithm is applied on nine case studies 

introduced in 3.4 and its performance is verified against a baseline scenario 

in Section 3.5. 
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3.2 Optimization problem 

To find an algorithm for optimal load split between the TABS and the 

secondary system, the question was formulated mathematically as an 

optimization problem written in Equation 3-1:  

𝑚𝑖𝑛  
𝑢

𝐽 = 𝑚𝑖𝑛  
𝑢
[∑ ∑

𝑢𝑖
𝑘

µ𝑖
] ∗ ∆𝑡

4

𝑖=1

8760

𝑘=1

              Equation 3-1 

subject to:  

𝑇𝑘+1 = 𝑓(𝑇𝑘, 𝑢𝑘 , 𝑑𝑘)                   ∀k ∈ {1, …8760}  Equation 3-2 

𝑇 ≤ 𝑇 ≤  𝑇  Equation 3-3 

0 ≤ 𝑢 <  𝑢  Equation 3-4 

Where J (the cost function) is the total primary energy use over the entire 

operation period (8760 hours in this case) and ∆𝑡 is the constant 

discretization time step (1 hour in this study). Minimizing J will minimize 

the total energy use in line with the first objective of the load splitting 

algorithm. Tk is the vector of the states for time step k. uk is the vector of 

the power inputs (also known as control inputs) for time step k that 

corresponds to the various production units indicated by the subscript i. 

The four production units u1,2,3,4 are: 1) primary system for heating (u1), 2) 

primary system for cooling (u2), 3) secondary system for heating (u3), 4) 

secondary system for cooling (u4). µ𝑖 is the time-independent overall 

efficiency of the production unit i. Note that µ translates the thermal 

energy use of all the production systems into compatible units. For 

example, the coefficient of performance (COP) of a heat pump translates 

the thermal loads to electricity. The electricity use is then converted to 

primary energy use, using a primary energy conversion factor. The thermal 

loads of a gas boiler must first be converted to gas consumption (the 

primary energy source), accounting for the heating value of the gas. The 

values of µ𝑖 depend on the primary energy factor, the efficiency of 

production units that are considered to feed the TABS and the secondary 

systems in the heating and cooling modes in the production and emission 

sides. d is the vector of disturbances (the building thermal loads in these 

cases). Equation 3-2 is the governing equation and is derived from the 

building and TABS dynamic model to incorporate the dynamic behavior 

of the TABS and the building into the algorithm. Finally, the constraints 

of the states and power inputs are considered in Equation 3-3 and Equation 
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3-4, respectively. The constraints of the states can be physically linked to 

thermal comfort. Similarly, the constraints of the control variable are based 

on the system design and correspond to the nominal power of the 

production units. 

3.3 Optimization algorithm 

An approximate optimization algorithm was developed according to the 

definition of the baseload, using assumptions that were based on prior 

knowledge of the dynamic behavior of the system. The approximate 

algorithm improves an Initial guess iteratively in each time step and 

throughout the simulations. 

As previously stated in Section 1.4.1.1, the predictive feature of the 

algorithm is indispensable to achieve optimal energy use with TABS. Thus, 

the predictive feature was incorporated as a greedy algorithm through a 

dynamic programming technique [31]. The main problem was divided into 

subproblems and the cost of each decision was evaluated regarding its 

future consequences. Thus, the cost function in Equation 3-1 was converted 

to Equation 3-5 and Equation 3-6, while the constraint inequalities 

remained as before. 

𝑚𝑖𝑛
𝑢
  𝐽 = 𝑚𝑖𝑛

𝑢
∑ (𝑗𝑘)

8760−𝑁

𝑘=1

  Equation 3-5 

𝑚𝑖𝑛
𝑢1,2
𝑡

𝑢3,4
𝑡:𝑡+𝑁

𝑗𝑘 = 𝑚𝑖𝑛
𝑢1,2
𝑡

𝑢3,4
𝑡:𝑡+𝑁

[∑∑
𝑢𝑖
𝑡

µ𝑖
] ∗  ∆𝑡

4

𝑖=1

𝑘+𝑁

𝑡=𝑘

 Equation 3-6 

The main problem J was divided into subproblems 𝑗𝑘  in Equation 3-5, to 

decrease the number of optimization parameters at each subproblem and 

solve the main problem iteratively. As seen in Equation 3-6, the primary 

system control variables u1,2 for the current time step (t) in each iteration 

are the optimization variables. The impact of the primary system power is 

sensed on the room side by a delay due to the use of the TABS. The 𝑢3,4
𝑡:𝑡+𝑁 

that correspond to the secondary system power in the heating and cooling 

are obtained iteratively by solving the explicit equations of the LTI system 

for each time step, as will be explained in Section 3.3.2. It can be seen in 
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𝑗𝑡 that the values of 𝑢1,2
𝑡+1:𝑡+𝑁 are not optimization variables for time step t 

and, thus, must be known. These values are provided by the Initial guess. 

To incorporate the Constraints, various techniques are deployed to 

accelerate the algorithm. The concrete temperatures, TC and TC1 in the 

states matrix in Equation 2-9, are converted to the control variable 

constraints as explained in Section 3.3.2.2, which are also known as 

dynamic constraints. The constraint of the zone temperature, TZ, is 

assessed during the simulation as explained in 3.3.2.3. Finally, a Search 

algorithm is used to obtain the best value for the optimization variables 

at each time step. A high-level flowchart of the proposed algorithm for 

solving the modified optimization problem is shown in Figure 3-1, and the 

detailed flowchart is documented in Annex B. The performance of the 

algorithm is investigated numerically in Section 3.5 since the accuracy of a 

greedy solution is dependent on the stability of the system dynamics [32] 

and cannot be assessed analytically. 

Figure 3-1 High level flowchart of the implementation of the OLSA. 
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3.3.1 Initial guess 

The initial guess is a vector of the power of the primary and the secondary 

system for the entire year. In the context of the HVAC component design, 

the initial guess can be derived from the heat demand time series of the 

building. The heat demand is calculated by an ideally controlled fast 

conventional heating and cooling system without using a production unit 

to supply heat to the TABS. Hence, the initial guess may not respect the 

constraints of the states (mainly the indoor temperature) and it must be 

assessed via a first simulation. Thus, �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 initially equals the building 

heating and cooling demand time series and, accordingly, �̇�𝑆𝑒𝑐𝑆𝑦𝑠  which 

was initially zero, is recalculated using the state-space equations to 

maintain the zone temperature (TZ) within the thermal comfort range. 

Whenever the TABS with injected �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 cannot provide comfort, the 

secondary system is activated. This initial guess guarantees the thermal 

while it does not result in optimal energy use. 

3.3.2 Constraints 

3.3.2.1 Control variables constraints 

Equation 3-4 shows the constraints of the input powers to the TABS. These 

constraints are related to the production units maximum power. The 

production unit maximum power is normally a design indicator that is 

iterated by the designer to find the optimal value and to size the production 

unit accordingly. This is used in Chapter 4 when sizing the GSHP. In this 

chapter, these constraints are equal to the maximum dynamic load of the 

building. By that, the maximum power of the primary and the secondary 

production units in heating and cooling modes cannot be higher than the 

maximum dynamic thermal load of the building in heating and cooling 

modes (�̇�𝑡𝑜𝑡𝑎𝑙), respectively. 

3.3.2.2 Concrete core temperature constraints 

The states constraints that correspond to the concrete temperatures TC and 

TC1 were mainly associated with �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠. Limiting the TC guarantees that 

the system remains in a low-temperature heating and high-temperature 

cooling regime, which preserves the high efficiency of, for example, the heat 

pump as a primary production unit [66]. The constraints of TC1 help to 

maintain thermal comfort since the surface of the concrete surface cannot 
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be too hot or too cold [24]. Note that TC1 is used as an approximation of 

TS. This is a conservative assumption at the early stage of the design 

because condensation contingency cannot be explored in detail. To apply 

these constraints, the maximum power of the primary system that respects 

the concrete temperature constraints at each time step is calculated. Thus, 

the concrete temperatures of the next time step (TC
k+1 and TC1

k+1) are 

assumed to be equal to the constraints when the current states (TC
k and 

TC1
k) are already known from the previous iteration. Therefore, the LTI 

system equations are explicitly rewritten and solved for uk. The calculated 

uk is known as �̅�𝑑𝑦𝑛𝑎𝑚𝑖𝑐
𝑘  in the heating mode and 𝑢𝑑𝑦𝑛𝑎𝑚𝑖𝑐

𝑘  in the cooling 

mode, which is considered to be an additional constraint for uk (besides the 

general constraint in Equation 3-4). As such, the constraints of the states 

(concrete core temperature) are translated into several additional 

constraints for the control variables [123]. Thus, the search algorithm used 

to obtain the optimal solutions is limited to the feasible region, which 

substantially accelerates the search process.  

3.3.2.3 Zone temperature constraints 

Lastly, the constraints of the zone temperature 𝑇𝑍 are assessed by the 

search algorithm during the simulation. The search algorithm runs 

simulations with the given vector of 𝑢1,2
𝑘:𝑘+𝑁 and assuming that 𝑢3,4

𝑘:𝑘+𝑁 = 0. 

If any of the constraints of 𝑇𝑍 are violated (meaning that 𝑇𝑍 < 𝑇𝑍 or 𝑇𝑍 >

𝑇𝑍̅̅ ̅), 𝑢3,4
𝑘  are calculated using the explicit LTI system equations, assuming 

that 𝑇𝑍 = 𝑇𝑍 + 1 (or in the cooling mode, 𝑇𝑍 = 𝑇𝑍̅̅ ̅ − 1). It should be noted 

that ±1 broadens the thermal comfort range only for the secondary system 

in order to avoid overusing it and to dampen unnecessary on-off behavior 

in the secondary system power. While the TABS has a tighter thermal 

comfort bound to force the algorithm since it has different dynamics than 

the secondary system as explained in Section 1.4.1.1 when TABS was 

introduced. Thus, each violation of the constraints of the states directly 

appears as a penalty (as the energy cost of 𝑢3,4
𝑘:𝑘+𝑁) in the objective function. 

The search algorithm can, therefore, track the consequences of each 

decision through its energy cost. The algorithm is also easily automated 

because no specific penalty value for the probable constraint violations 

must be tuned manually or case-specifically. This part of the algorithm was 

inspired by the active-set methodology and barrier function technique [125]. 

Accordingly, it is assumed that the optimal value for secondary system 

heating power u3 is found on the active constraint 𝑇𝑍 (for secondary system 

cooling power u4 the active constraint is 𝑇𝑍̅̅ ̅). From an engineering 

viewpoint, the secondary system is used to assist the TABS to guarantee 
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thermal comfort in the steep gradients of the loads. Therefore, the 

secondary system should be activated only when the thermal comfort 

boundaries are (about to be) reached. As mentioned previously, this 

assumption is based on prior knowledge of the system dynamics. 

The constraint values for the state matrix T are assumed to be 15≤ 𝑇𝐶≤35, 

19≤𝑇𝐶1≤29 (concrete temperature constraints in °C) and 22≤𝑇𝑍≤24 (zone 

temperature constraints in °C). These constraints can be easily changed 

without hurting the generality of the methodology. 

The proposed methodology of imposing constraints and obtaining u3,4 has 

three main advantages:  

1) The constraints are respected as hard constraints, i.e., thermal 

comfort is guaranteed. Additionally, there is no constraint 

violation to be calculated or further evaluated, which is extremely 

important when developing a general design methodology.  

2) The cost of decreasing u1,2 is calculated via a probable increase in 

u3,4 for the entire horizon (by providing a predictive feature to find 

optimal u1,2). As such, the search domain becomes one dimensional.  

3) The search area for u1,2 becomes smaller (ending in a significantly 

lower conversion time for the search algorithm). 

3.3.3 Search algorithm 

Finally, a search algorithm is required to obtain the optimum 𝑢1
𝑘 or 𝑢2

𝑘 at 

time step k. This step is straightforward because the search region is small 

and one-dimensional and, thus, the search is performed rapidly. 

Considering the cost function formulation and the constraints of the 

problem, patternsearch is used as a derivative-free method [126]. At each 

time step, the search algorithm runs iteratively and chooses candidates for 

the optimization variable according to the mesh vector and calculates their 

objective value through the objective function [127]. Finally, the algorithm 

reports the vectors of  𝑢1
𝑘, 𝑢2

𝑘, 𝑢3
𝑘, and 𝑢4

𝑘 with the minimum objective 

value. 

3.4 Case studies and baseline scenario 

To investigate the performance of the OLSA, nine case study office 

buildings with various physical properties were selected. All the office 

buildings had the same layout and glazing area and the same total 
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conditioned area (2,391 m²) that was divided throughout three floors. The 

various cases provided a range of inputs (�̇�𝑡𝑜𝑡𝑎𝑙) to the algorithm to test 

its sensitivity to this variation of building parameters. Listed in Table 3-1 

as A, B and C, three groups of cases are presented according to varying 

insulation levels, occupancy densities, shading system types and 

orientations of the main façade. Moreover, each group was simulated for 

the climates of three cities: Madrid, Warsaw, and Brussels. For example, 

MadridA refers to group A in  Table 3-1, with low internal gains, medium 

insulation envelope, with shading system, north oriented largest façade, 

and simulated using the Madrid climate. To consult the values the 

parameters corresponding to high, medium, and low insulation levels, refer 

to Annex H. The OLSA was implemented using a Python script that 

receives the one-year building heating and cooling demand time series as 

input (�̇�𝑡𝑜𝑡𝑎𝑙). The case studies were modeled with Modelica using the 

OpenIDEAS library [28]. The modeling and simulation details are 

elaborated in Mahmoud et al. [96]. However, the OLSA application is not 

dependent on the load calculation methodology, as far as it abides by the 

considerations of the proposed modeling framework in Chapter 2.  

Table 3-1 Characteristics of the three groups of case studies. 

Group A B C 

Insulation level Medium High Low 

Internal gains (W/m2) 18 33 33 

Shading system Yes Yes No 

Orientation North North West 

 

In order to show and compare the thermal characteristics of the case study 

buildings, load duration curves (LDC) are obtained by sorting the hourly 

values of the time series in descending order (Figure 3-2). The LDCs show 

that the chosen case studies are variant in terms of peak loads and annual 

heating and cooling loads. However, one important aspect of the thermal 

loads of the buildings which is the frequency of changes in the loads is not 

revealed with LDCs. This aspect is later discussed using fast Fourier 

transfer (FFT) of the loads in Figure 3-8 in the discussion section. 

The highest energy use for heating and cooling is observed in the cases C, 

that are the cases with the lowest insulation levels (see Figure 3-2). These 

buildings are very susceptible to climatic conditions (temperature, wind 

and solar gains) and to high internal gains. The cases with the label A have 
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a more typical or average insulation and air tightness level and a less dense 

occupation and shading, which will lead to considerably lower fluctuations 

in heating and cooling demands than in cases C. Logically, in Madrid, both 

cases C and A are cooling-dominated, while in Brussels and Warsaw these 

cases are heating-dominated. Finally, the cases B are highly insulated and 

shaded – like passive houses – but have a high dense occupation. This 

results on one hand in a very low heating demand (also in Brussels and 

Warsaw), but also in considerable cooling demands, to compensate for the 

high internal heat gains that are ‘trapped’ in the heavily insulated building.  

 

Figure 3-2 Load duration curves for the nine case studies. 

The assumed system efficiencies and TABS parameters are also 

documented in Annex A. It was also assumed that the TABS covers 80% 

of the total ceiling area of the conditioned zones. A baseline scenario is 

defined here to be compared with the OLSA. For the baseline, the 

optimization problem (Equation 3-1) with constraints (Equation 3-2 and 

Equation 3-3)  was formulated using the YALMIP toolbox [127] and solved 

using the Gurobi solver in MATLAB 2018b [202]. The formulation of the 

problem in YALMIP and the choice of solver can influence the calculation 

time insignificantly since the problem is adequately simplified. Various 

solvers (linprog, CPLEX, and Gurobi) were tested and the best option was 

utilized as the baseline. The interested reader is referred to [105, Chapter 

10] for a detailed explanation about the methodology used in the baseline 

scenario.  
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3.5 Results  

In this section, the performance of the OLSA and the baseline are compared 

by applying them to nine case study buildings. A set of performance 

indicators, including the objective function value, annual load split, time 

series of different variables and calculation time, are compared.  

3.5.1 Objective function value 

To associate J with the building thermal loads for a more intuitive 

comparison, the value for J, calculated by the OLSA and the baseline 

scenario was divided by the total conditioned floor area and, accordingly, 

reported as objFun (in kWh/year/m2). The difference between objFun, 

calculated using the OLSA, and the baseline is reported as error (Table 

3-2). Moreover, to normalize the error, it is presented as a percentage of 

the optimal building energy use that was calculated using the baseline 

scenario. 

Table 3-2 Comparison between the J values calculated by the OLSA and the 

baseline  

Climate Group 
OLSA objFun Baseline objFun Error 

(%) (kWh/year/m2) (kWh/year/m2) 

Madrid 

A 23.2 22.1 4.9 

B 24.3 23 5.9 

C 66.3 63.4 4.5 

Brussels 

A 22.8 21.6 5.7 

B 19 17.6 7.9 

C 57.3 53.2 7.8 

Warsaw 

A 29 27.7 4.8 

B 19.6 17.9 9.6 

C 68.4 64.7 5.8 

 

The maximum absolute error was 4.1 kWh/year/m2 in BrusselsC (with 

7.8% of the error, Table 2). The maximum relative error was observed for 

WarsawB which was approximately 9.6%, while the absolute error, in this 

case, was 1.7 kWh/year/m2. Given the uncertainties regarding the thermal 

properties at this stage and the fact that the ranking of the options was 

not affected by the error, the observed range was considered to be an 

acceptable error in the early stage of the design. Moreover, the OLSA as 
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an approximate algorithm overestimated the objFun and accordingly the 

energy use. Hence, the error is always on the safe side.  

3.5.2 Objective function track 

As outlined in the methodology section, the optimization algorithm begins 

with an initial guess for the entire problem. The objective function value 

(converted to objFun) was recalculated for the entire year in each iteration, 

which facilitated the tracking of the performance of the OLSA to reveal if 

and to what extent the initial guess was improved in each iteration. Figure 

3-6 illustrates that the general behavior of the OLSA was similar in the 

various case studies. However, in groups A and B, the initial guess was 

closer to the final result, which explained the higher slope of the graphs in 

each of the cases in group C. Moreover, for the cases in group A, the initial 

guess was improved during the intermediate seasons, i.e., the initial answer 

was the same as the optimal solution in the heating and cooling modes for 

these cases. However, the optimal control can take the advantage of the 

storage capacity of the TABS and save energy during the intermediate 

seasons. Although the algorithm generally converged to a minimum value 

at the end of the entire period for each case, its behavior was not the same 

for different periods of the year for each case. Therefore, it was concluded 

that the initial guess did not affect the final results but did affect the 

behavior of the algorithm. With an initial guess, the algorithm will converge 

to approximate the optimum results, with a maximum deviation of 9.6%, 

as mentioned previously, while it can converge faster through an improved 

initial guess, as is discussed in the analysis of the calculation time.  

3.5.3 Optimal load split 

Although it was observed that the values calculated by the OLSA for 

objFun and the baseline were sufficiently close, the objFun value consisted 

of various parts. The normalized objFun (which corresponded to the total 

annual thermal load) for each case was divided into four parts: primary 

system energy in heating, primary system energy in cooling, secondary 

system energy in heating, and secondary system energy in cooling. This is 

the desired load split required for component sizing. The load split of each 

case study was compared for three scenarios: 1) the ideal heating and 

cooling systems, 2) the TABS with the OLSA, and 3) the TABS with the 

baseline optimization algorithm. Note that the system efficiencies were not 

applied in this step, and only the annual summation of the thermal energy 

use for the primary and secondary system loads was calculated and 
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reported. The ideal heating and cooling demands correspond to the ideal 

system, which injects/subtracts heat as much as required to maintain the 

operating temperature within the comfort limits set between 22 °C and 24 

°C. Figure 3-3 shows a comparison between the optimal load split with the 

OLSA and baseline for the nine cases. The results suggest that the load 

split according to the OLSA was sufficiently close to the baseline for all the 

cases. Furthermore, for the cases in group C, the share of the secondary 

system was relatively high. This highlights the need to account for the 

dynamic behavior of the system during the early design stage. The cases in 

group A showed the lowest heat gains, as they had low internal gains, 

shading systems, and north/south orientation, resulting in relatively low 

solar heat gains. The secondary system was scarcely used in these cases. 

Moreover, the difference between the OLSA and the baseline was negligible 

in cases in group A. The results suggest that MadridB had a sub-optimal 

building design because it was highly insulated and was located in a warm 

climate with high internal gains, thus requiring considerable cooling. 

However, it was observed that the TABS could manage almost all the 

demand and, more importantly, the OLSA performed accurately. Slight 

differences between the load split with the two algorithms were observed 

for the cases in group C. There were large fluctuations in the thermal loads 

because the buildings were poorly insulated, had high internal gains, and 

did not have a shading system. When disturbances in the thermal loads are 

high, as observed in these cases, a greedy algorithm cannot adequately 

control the TABS and, thus, the secondary system is used more. Moreover, 

the advantage of predictive control is noticeable in such conditions. Since 

the OLSA favors the use of the secondary system under these conditions, 

where a rapid charging and discharging of the TABS would lead to energy 

waste, the final load split can be considered to err “on the safe side”. 

Additionally, given the uncertainties at this stage of the design, the 

differences are acceptable. In summary, the proposed approach is a 

convenient tool to assess the potential of TABS in various building designs 

and applications.  
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3.5.4 Time series comparison  

A comparison between the time series of the primary and the secondary 

system predicted by the OLSA and baseline optimization algorithm can be 

useful, although the interpretation of the results is not simple because two 

different control strategies are used. In the present study, the OLSA and 

baseline showed similar results regarding the calculated objFun and 

optimal annual load split. However, while the temperatures were 

maintained within the imposed constraints, the two approaches proposed 

different time series for �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠, �̇�𝑆𝑒𝑐𝑆𝑦𝑠, and �̇�𝑇𝐴𝐵𝑆. Note that �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 is 

the power (heat) that the GSHP transfers to the TABS and �̇�𝑇𝐴𝐵𝑆 is the 

power (heat) that the TABS exchanges with the zone. �̇�𝑇𝐴𝐵𝑆 is a by-

product of the system of equations and is calculated with Equation 2-5. 

First, the normalized root mean square deviation (NRMSD) between the 

related signals was investigated for the two approaches. The normalized 

deviation was used to facilitate a comparison between the behavior in 

different case studies. Thus, the RMSD of each of the time series was 

divided by the maximum building demand of each case from the dynamic 

simulations. Figure 3-4 shows a comparison of the NRMSD of �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠, 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠, and �̇�𝑇𝐴𝐵𝑆 for the nine case studies. 

The NRMSD for �̇�𝑆𝑒𝑐𝑆𝑦𝑠, and �̇�𝑇𝐴𝐵𝑆 in all the case studies is below 6%. In 

contrast, the NRMSD for �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 ranged from 22% to 31%, showing a 

relatively large deviation. In conclusion, the difference between the optimal 

control strategies emerged in the primary system power (�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠). While, 

Figure 3-3 Annual load split between the primary and the secondary systems 

(kWhth/m2/year) and a comparison between the OLSA and baseline for nine case 

studies. 
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the difference did not affect the power on the room side (�̇�𝑆𝑒𝑐𝑆𝑦𝑠 and �̇�𝑇𝐴𝐵𝑆), 

which was consistent with the previously demonstrated similarity in the 

optimal load split.  

 

A full visual comparison between the time series of the outputs for the nine 

cases for the entire year and the two scenarios is uninteresting and 

prohibitive. Thus, only an excerpt of the time series is displayed to 

highlight the inherent differences regarding the performance of the two 

approaches in more detail. 

Figure 3-5 shows 7 days of simulations during the cooling season for 

WarsawB. A comparison between the zone temperatures shows the 

behavior of the OLSA as a greedy algorithm. Using the OLSA, the 

temperature approached the upper limit, while the baseline attempted to 

obtain the optimum temperature considering the future disturbances. The 

data suggest that the OLSA maintained as high a temperature as possible 

to spend less energy, while the baseline more efficiently pre-cooled the 

building to use less power from the secondary system, particularly during 

the weekends (the hours with low and almost zero demand). The OLSA 

also demonstrated this predictive behavior, but to a lesser degree, as it 

began pre-cooling before the working hours of the following day (in the 

simulations, the working hours were assumed to be 8:30 to 12:00 and 13:00 

 

    

   

    

   

    

   

    

     

                    

Figure 3-4 NRMSD between the hourly time series of  �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠, �̇�𝑆𝑒𝑐𝑆𝑦𝑠, and 

�̇�𝑇𝐴𝐵𝑆 calculated by the OLSA and the baseline.  
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to 17:00). During the weekend, the OLSA maintained the temperature 

within the accepted range without using the secondary system.  

The �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 showed the differences and similarities of the approaches. An 

on-off behavior was observed in �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 with the OLSA, which was 

associated with the high capacity of the TABS and the greedy approach in 

the algorithm, in addition to the ability of the algorithm to correct previous 

decisions. As the OLSA could not calculate the exact amount of power to 

be injected into the TABS, it corrected its decision in certain time steps by 

making greedy decisions. Due to the high time constant of the TABS, the 

aggregated power of the successive time steps in a period provided the 

approximate optimal behavior. In contrast, the baseline approach 

calculated exactly how much heat must be delivered to the TABS to 

efficiently provide thermal comfort. In both approaches, the primary 

system power is mostly equal to the maximum power allowed by the 

constraint inequalities for the control signals.  

The �̇�𝑇𝐴𝐵𝑆 was similar using the OLSA and the baseline, as was anticipated 

from the NRMSD. The �̇�𝑇𝐴𝐵𝑆  was generally smoother than the building 

demand. Theoretically, the TABS can pre-heat and pre-cool the building 

and decrease the peaks, which has been reported in previous studies such 

as in [40, 53, 60]. In the present study, it was observed that this feature 

was incorporated into the OLSA and, accordingly, into the sizing, based on 

the outcomes of the OLSA. As previously mentioned in the introduction, 

this feature is extremely effective at reducing the sizing of the key 

components and the energy use of the system, which in turn affects the 

investment cost, operational cost, and environmental impact evaluations.  

The �̇�𝑆𝑒𝑐𝑆𝑦𝑠 showed similar behavior in each of the algorithms. The 

secondary system was used in the second peak of the load that corresponded 

to the afternoon. This was most likely due to the fact that the TABS should 

not have been cooled again because the building thermal demand would 

disappear soon after. Thus, it is more efficient to use the secondary system 

for a short period. As explained above, the OLSA used the secondary 

system slightly more to err on the safe side. 
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3.5.5 Calculation time 

The calculation time used in the present study refers to the time elapsed 

during which the computer ran the OLSA for one case for the entire year 

(8760 hours). The best calculation time obtained using the baseline was 

more than 1 hour. However, the calculation time obtained using the 

baseline varied between different cases and setups and required an average 

of 2 hours. Although the calculation time obtained using the baseline was 

highly sensitive to the programming, it was extremely far from the goal set 

for the intended application (1 minute). The calculation time of the OLSA 

was in the desired order of minutes but was highly sensitive to the 

prediction horizon N and, thus, it is discussed in the following section.  

 

Figure 3-5 Comparison between the time series of the primary and secondary 

systems (left axis) and the zone temperature (right axis) calculated using the 

OLSA and the baseline (simulation results for 7 days, beginning from July 13th ) 

  

  

  

  

  

  

  

 

  

  

  

  

  

  

  

  

               

 
 
  
  

 

 
 
 

  
  

 
 

 

           

                                          

                                        

                                

            



112  Chapter 3 

 

3.5.6 Prediction horizon N 

As repeatedly emphasized in previous sections, looking to the “future” is 

an important feature of the OLSA. The prediction horizon N in the 

algorithm quantifies the word “future”. However, no analytical solution 

exists to find the optimal length for the prediction horizon. To practically 

define the best prediction horizon, various numbers for N (factors from 8 

hours to 240 hours) were used with the OLSA for the nine cases. In Figure 

3-7, the calculation time and final objective function value for each case 

are illustrated as a function of N. The linear behavior of the calculation 

time was anticipated because an increase in N would result in a linear 

increase in the number of simulations, and the calculation time of each 

simulation was almost fixed for each case. However, the simulation time 

was slightly different between the cases, which affected the total 

Figure 3-6 Tracking the value of normalized objFun (kWh/m2/year) during 

the entire simulation (left to right) and a comparison with the final objFun 

calculated by the baseline (right). 
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calculation. For example, MadridC required more calculation time than 

Madrid A. However, the difference was on the order of seconds in the 

effective region (grey column on the left side of Figure 3-7) and, thus, 

depredated further efforts and analysis in this regard. Importantly, after 

the grey region, at approximately N = 48 hours, where the calculation time 

was on average 30 s, no substantial change in the objective function was 

observed. This is where N was chosen for the calculations provided in 

Section 3.4 for the case studies. 

 

Figure 3-7 Optimized objFun (kWh/year/m2) and calculation time (s) as a 

function of prediction horizon N (hour) for nine case studies using OLSA (note 

that the calculation time and objFun have the same order of magnitude. The 

objFun obtained for the baseline for each case study is shown separately on the 

right side). 
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3.6 Discussion 

It was frequently observed in the results section (Section 3.5.3) that in the 

optimal load split conditioned space, the OLSA showed results that were 

close to the baseline, while the control signals were different (Section 3.5.4). 

This is related to the high thermal capacity of the TABS, which operates 

as a buffer and filters the high-frequency control signals. Similarly, the 

high-frequency differences between the control signals of the two 

methodologies are not sensed in the power output of the TABS to the 

conditioned space. This is the main reason that a greedy algorithm can 

provide accurate results in the context of this research. As mentioned 

previously, greedy optimal control can work efficiently in systems with high 

stability. The TABS captures part of the disturbances in the load and 

relaxes the dynamic behavior of the load for the conditioned space. This 

feature of the TABS was also addressed and deployed to a certain extent 

in the previously introduced non-MPC control strategies. For example, 

UBB [88]  relies on the self-regulating ability of the TABS. Moreover, 

AMLR [115] uses a daily control strategy based on the prediction of the 

average daily thermal loads of the building.  

To observe the similarities between the time series of the primary system 

that were calculated by OLSA and by the baseline, �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 was 

decomposed using fast Fourier transformation (FFT) and compared with 

the ideal load time series, which was also decomposed using FFT. Figure 

3-8 illustrates that the dominant periodicity of the signals in all cases was 

approximately 24 hours, which corresponded to the daily behavior of the 

building demand in all scenarios, except for the ideal demand of WarsawC. 

In the case of WarsawC, the weekly periodicity (168 hours) was dominant 

for the building demand, yet the daily behavior was observed in the control 

signals. This was interesting because there was no extra incentive in the 

OLSA and baseline to maintain the daily cyclic behavior. Hence, such 

behavior was associated with the time constant of the TABS and the 

periodicity of the office building loads. This also suggests that a daily 

control strategy can efficiently be used for the TABS. Moreover, the TABS 

can withstand fluctuations to a certain degree. In the cases in group C, the 

amplitude of the lower periodicity loads was relatively high, i.e., those cases 

had frequent high-amplitude fluctuations in the thermal loads. This feature 

of the disturbances explains the lower share of the TABS in the annual 

load split in these cases. However, to date, no analytical solution exists to 

define which fluctuations can be covered by the TABS. Thus, the OLSA 

can aid the designer to explore which part of the loads can be covered by 
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the TABS. It also helps the designer to change the building design and 

increase the share of the TABS, as it was seen in the verification exercise 

in this chapter that the building design will influence the share of the TABS 

from the building total thermal loads. 

 

The outcomes of the OLSA were compared to a baseline that resembles a 

simplified MPC such as in the work of Sourbron [105] and Verhelst [64]. 

However, the results suggest that no matter how the optimal control signal 

is found, the optimal load split that is proposed by the OLSA can be 

achieved on the building side. Hence, the outcomes of the algorithm can be 

related to AMLR [115] control method. MPC and AMLR control the TABS 

based on a prediction of the entire demand as was done in the OLSA. To 

conclude, OLSA can be used in the design procedure when MPC and/or 

AMLR are chosen as the control strategy.  However, the optimal load split 

and the sizing derived from the OLSA cannot be directly used in 

                           

Figure 3-8 FFT of the primary system power, calculated using the OLSA and 

baseline (center) compared to the FFT of the building hourly ideal heating and 

cooling loads for one year. 
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conventional control strategies such as RBC. Thus, a post-processing of the 

OLSA outcomes to derive RBC-related results from the OLSA was 

developed as documented in Annex G.  

The optimization algorithm that was developed to be used in the OLSA 

can be useful in a broader level. It was observed that the greedy approach 

can yield accurate results due to relatively stable dynamics of the system 

resulting from the high thermal inertia of TABS. This conclusion can be of 

interest in developing heuristic optimization algorithms. The high thermal 

inertia of TABS dampen the sensitivity of the optimal result to the 

optimization variables in a trusted region. In other words, a safe 

neighborhood for the optimization variables is made in which the objective 

function is stable. Then, the algorithm needs to find the region from which 

the optimization variables yield sub-optimal results for the objective 

function values. The sub-optimal results could be used as the answer 

because it is known for this system that the optimal objective function will 

be close the to the sub-optimal in the trusted region. By that, substantial 

calculations efforts will be saved by the proposed methodology. This has 

been previously and partially discussed by Lazar and Zuazua [198]. 

3.7 Conclusions 

The high thermal storage capacity of the TABS results in load-shifting and 

peak shaving opportunities. The dynamic behavior of the TABS makes it 

difficult for the HVAC designer to assess the extent to which the TABS 

can cover the thermal loads of a specific building design, in addition to how 

its peak shaving and load-shifting features influence the sizing and 

efficiency of the heating and cooling production systems. Especially in the 

early design stages, when the feasibility of the HVAC concept for a certain 

building is assessed, a straightforward methodology is highly required. 

Moreover, sustainable production units such as heat pumps are capital-

intensive, making the appropriate sizing more important. The appropriate 

design methodology must empower the designer to estimate the design 

indicators and facilitate the near-optimal sizing of the components of the 

main system. The designer must assess: 1) the thermal comfort, 2) the 

optimal annual load split between the TABS and the secondary system to 

estimate the operational costs, and 3) the optimal sizing of the production 

units to estimate the investment costs.  
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A rapid, easy-to-use algorithm, known as the OLSA, was developed as a 

practical tool for early-stage design. To facilitate rapid dynamic simulations 

within the OLSA, the resistor-capacitor model for the TABS and the 

building, previously  developed and elaborated in Chapter 2, was used. 

Next, an approximate optimization algorithm was developed and 

implemented using assumptions on knowledge of the system to split the 

load optimally between the TABS and the secondary system. The OLSA 

receives the hourly heating and cooling load time series for the building for 

one year and maintains thermal comfort in the building while deciding the 

optimal load splits between the TABS and secondary system. The 

performance of the OLSA was compared with a baseline optimal control 

algorithm for nine case studies, using various indicators. The OLSA 

obtained the optimal load split with a maximum error of 9.6%. The results 

showed that the time series of the secondary system and the power of the 

TABS on the room side were similar using the two approaches. In 

comparison to the baseline, the application of a greedy approach in the 

OLSA led to differences in the hourly time series regarding the heat injected 

into the TABS. However, these differences were efficiently attenuated by 

the high thermal inertia of the TABS.  
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4.1 Introduction 

A dynamic simulation-based design methodology for 

hybridGEOTABS is elaborated in this chapter. Using the OLSA 

developed in chapter 3, the methodology incorporates advantages of TABS, 

such as peak shaving, and finds the optimal load split between GEOTABS 

and the secondary system. The low calculation time of the OLSA allows an 

iteration with varying GSHP sizes (= design scenarios) in order to find the 

optimal sizing. Each iteration for the GSHP size causes an entirely different 

scenario with a different optimal load split, and different borefield and 

secondary system size. First, the optimal load split between TABS and the 

secondary system is found with the OLSA for each design scenario. Time 

series of the primary system and the secondary system power (as the 

outcomes of the OLSA) for the entire year allow for final sizing of the 

GSHP and borefield. Operational costs, investment costs, and CO2 
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emissions associated with each design scenario are accordingly calculated. 

As a result, a techno-economic analysis (TEA) of hybridGEOTABS will be 

conducted. Furthermore, the total calculation time of the TEA is relatively 

low, allowing to iterate it for varying building designs. Moreover, the 

required inputs for the TEA are the time series of the building dynamic 

loads which can be accessed at the early-stage design. As such, the proposed 

design procedure in this chapter provides an integrated early-stage design 

method.   

In this chapter, first the concept of simulation-based design is introduced 

(Section 4.2). In Section 4.3, the novel methodology developed in this study 

is elaborated. The methodology is calculation efficient and thus is applied 

on nine case study buildings introduced in Section 4.4. The case studies 

contain variations in two parameters: Climate and insulation level. As such, 

in Section 4.5, comparisons between the outcomes of the methodology for 

each case study reveal the influence of the insulation level, as a design 

parameter, on the optimal design of HVAC. The sensitivity of the design 

indicators to different economic parameters is investigated in Section 4.5.4. 

Moreover, the optimal sizing of the borefield and GSHP are discussed in 

Section 4.5.5. Finally, the CO2 emissions associated with each case study 

under different design scenarios are reported and discussed in Section 4.5.6. 

4.2 Simulation-based design 

To incorporate the dynamic interactions of the system components in the 

design method, dynamic simulations can be run in an iterative procedure 

to assess different designs. This approach is called simulation-based design 

[118] and is illustrated in Figure 4-1. The procedure can be automated if 

an optimization algorithm proposes different design options and finds the 

optimal changes (and improvements) to the design in each iteration. The 

interactions of the different components are included in each iterative step 

and the outcomes of each iteration will naturally contain the dynamic 

interactions of the system. The optimal design is then realized based on the 

outcomes of the simulations. The outcomes of the simulations are normally 

organized as some design indicators to be improved or optimized during 

the design procedure.  
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Genetic algorithms (GA) are among the most discussed algorithms in the 

literature [119] for simulation-based design procedures. These algorithms 

are derivative-free (also called black-box or simulation-based optimization 

algorithms) and thus are flexible to the formulation of the optimization 

problem. However, GAs require a relatively high number of simulations to 

converge to an acceptable result. They therefore require high calculation 

time for the entire procedure. Conversely, derivative-based optimization 

algorithms which can generally converge faster, have rarely been deployed 

for design application (e.g. [101]). Derivative-based algorithms contain a 

high contingency of divergence as reported in [101]. This is in addition to 

the overall high complexity of the problem in the simulation-based design 

procedures. 

Alternatively, the simplest brute-force methodology evaluates a fixed 

number of design configurations without using feedback from previous 

loops. In this case, the developer must provide a limited number of 

predefined design options to be simulated, of which the best ones are 

selected. The choice of the best design is also problematic when multiple 

conflicting objectives are optimized simultaneously. These problems are 

also called multi-objective optimization problems. They have a set of 

optimal solutions, named Pareto solutions, where there is a trade-off 

between improvement in one objective and deterioration of the other 

objectives (Figure 4-2). Notably, the choice of appropriate predefined 

designs and the lack of potentially good designs might lead to local optima 

in brute-force methodologies. Some predefined designs might be 

suboptimal, and some might even be infeasible (Figure 4-2). On the other 

hand, the number of predefined designs can be prohibitively high resulting 

                  

    

      

        

           

       

           

           

        

         

                

   
   

  

Figure 4-1 Flowchart of simulation-based optimal design procedure. 
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in very high calculation time. The brute-force approach is thus not very 

effective specially when the solution space is wide. A robust algorithm must 

assure that all possible optimum design configurations have been searched 

while keeping the number of simulations as low as possible.  

 

Figure 4-2 Pareto optimal solutions for multi-objective problems [118]. 

As an example of the brute-force approach, Verhelst [64] considered three 

different predefined design scenarios (focusing on the geothermal systems) 

for a GEOTABS case study where the number of boreholes were 26, 14, 

and 7 respectively. A comparison was made between hourly dynamic 

simulations with model predictive control (MPC) and with conventional 

control using cooling/heating curves. The borefield was downsized 50% by 

integrating the optimal control into the design. MPC enabled smart 

operation which leads to lower operation costs, and lower investment costs 

by downsizing the components. However, due to the time-consuming task 

of producing MPC for each design option, the number of design options 

investigated by Verhelst was limited. Her investigation may not, therefore, 

have led to the optimal design.  

Later, Jorissen [91] developed a tool named Toolchain for Automated 

Control and Optimization (TACO) to automatically generate optimal 

control by MPC starting from a dynamic building model. Using TACO, 
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Jorissen et al. [93] ran dynamic simulations for multiple design 

configurations to find the optimal design of a GEOTABS building, using 

MPC as control. Their algorithm was able to simulate 144 design options 

combining the different design variables, among them four different 

capacities for the GSHP (which was possible due to the automation of MPC 

for each design configuration). The borefield was not included in the set of 

design variables. They reported a 65% saving of investment costs due to 

the integrated optimal control and design procedure algorithm. However, 

the proposed methodology was case-specific with high calculation time 

making it more appropriate for specific studies for complex buildings. 

Moreover, the designer must know all details of the system in order to 

provide a physics-based emulator model. To put the latter into practice, 

an automated toolchain is under development [64] to lower the needed 

modeling expertise and associated cost while TACO uses domain knowledge 

to facilitate the optimization process.  

An enhanced brute-force search approach is used in this chapter whereby 

the number of simulations is kept low while the predefined design 

configurations are chosen smartly by searching through all the possible 

design configurations. To this end, the relation between different design 

variables is conducted via simulations. That is, decreasing the size of the 

primary system as one optimization variable will result in a sufficient 

increase in the secondary system size on the emission and production sides. 

As such, undersizing the primary and the secondary systems will not occur, 

thermal comfort can always be maintained, and the predefined designs are 

always feasible solutions. Moreover, this avoids oversizing the secondary 

system and thus the sub-optimal predefined designs are not simulated. As 

such, the methodology only simulates the design scenarios that are optimal 

solutions and can provide the Pareto front.  

4.3 Methodology 

The novel design procedure is divided into four steps. In the first step 

(Section 4.3.1), hourly thermal loads of the building are calculated using 

the dynamic multi-zone building energy simulation model. The building 

thermal load is also used to make a set of initial guesses for the nominal 

size of the GSHP to be searched by a brute-force algorithm. In the second 

step (Section 4.3.2), the proposed initial guesses for the GSHP size are used 

to run dynamic simulations with the OLSA iteratively (where iterations 

are made over the GSHP size) to check whether thermal comfort is 
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achieved by using TABS. Whenever needed (in case of comfort violation 

due to undersizing the GSHP) the required secondary system power is 

calculated. Thus, from this step (previously called optimal load split) the 

hourly time series of the primary and secondary system loads are 

calculated. In the third step (Section 4.3.3), the key components, namely 

GSHP, PCHX, boiler, chiller, and FCU are sized based on the loads derived 

from the time series obtained in step 2. In the fourth step (Section 4.3.4) 

the borefield is simulated and sized based on the output of step 2. 

Additionally, using the time series of the loads, the annual energy use of 

each subsystem is calculated. Finally, the cost and CO2 indicators are 

calculated using the inputs from all previous steps. The results for each set 

of design options are reported and analyzed to find the general behavior of 

the cost function. Figure 4-3 visualizes the steps in the design algorithm. 

The yellow part is repeated until all potential design solutions are 

investigated. Note that all parameters and their corresponding values used 

in this study are documented in Table 4-2. 

 

 

4.3.1 Step 1: Building modeling and load calculation 

The methodology developed by Mahmoud et al. [97] (explained in Annex 

E) is applied to model buildings based on physical parameters. The 

Modelica language is used with the OpenIDEAS library [92] in the Dymola 

simulation environment. Alternative BES tools can be used for estimation 

of hourly heating and cooling loads of the building in this step. However, 

the load estimation methodology must comply with the requirements of the 

tools used in the next steps. As such, the dynamic hourly loads of the 

building (called �̇�𝑡𝑜𝑡𝑎𝑙) are calculated for one year using a fixed set point 

Figure 4-3 Flowchart of the proposed simulation-based design methodology. 
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indoor temperature (23 °C) with a simplified built-in ideal control model. 

Thus, the time series of �̇�𝑡𝑜𝑡𝑎𝑙 is the total hourly building loads in heating 

and cooling modes including internal gains, solar gains, and heat loss/gains 

through transmission and infiltration via the building envelope and 

ventilation via the hygienic ventilation system. �̇�𝑡𝑜𝑡𝑎𝑙 is the heat that must 

flow into or out of the building in each time step (hour) to keep the 

operative temperature in the zone as the set point. In this work, a 

ventilation system with 85% heat recovery is used following the occupancy 

rate of the building to keep the indoor air quality in the acceptable range. 

The ventilation system has a fixed rate (36 m3/h) per person in the offices 

[212].  

4.3.2 Step 2: Calculating the Hourly Time Series of 

the GSHP and Secondary System Loads 

The Optimal Load Split Algorithm (OLSA) is used in this step. Remind 

that the OLSA runs fast dynamic simulations with near-optimal control of 

TABS. It receives the building’s hourly thermal loads (�̇�𝑡𝑜𝑡𝑎𝑙) as the 

outcome of step 1, and automatically produces a surrogate simplified model 

of the building and the TABS system to simulate their dynamic thermal 

behavior. It has an inbuilt optimization algorithm to split the load between 

the TABS and the secondary emission system optimally while maintaining 

thermal comfort in the building. The most relevant outcomes of the OLSA 

for this exercise are the time series of the primary and the secondary 

production units. These time series are used for sizing the components. 

Figure 4-4 shows an example of the outcome of the OLSA for one week of 

simulation. The primary system power (�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠) tends to reach the 

maximum allowed value, and the secondary system power (�̇�𝑆𝑒𝑐𝑆𝑦𝑠) covers 

the residual demand. This is an inherent feature of the OLSA which is used 

in this study to test different component sizing options and their impact 

on the corresponding design indicators. To relate the estimated primary 

system power to the GSHP (and PCHX) size, it is assumed that the heat 

received from the production units (the GSHP and PCHX) is supplied to 

the TABS directly. As such, the distribution system losses are included in 

the overall efficiency of the primary heating/cooling generation system [35]. 

The COP of the GSHP system includes the energy use of the distribution 

system (the circulation pump). Hence, the complexity of the distribution 

system is ignored. The underlying assumption is that the distribution 

system is designed properly to deliver the heat with a given loss to the 

different building zones based on their demands. The design of the 
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distribution system is included in the detailed design when there is enough 

information about the building layout. 

 

Figure 4-4 Example of the outputs of step 2 of the design procedure, representing 

time series of the primary and the secondary system power for one week of 

simulations. 

To reach meaningful results, the heuristic optimization algorithm of the 

OLSA needs to incorporate some technical constraints. The constraints of 

the operative temperature are used as the thermal comfort set points in 

heating and cooling modes (22 °C for heating and 24 °C for cooling). The 

constraints for control variables are the maximum power of the primary 

generation system in heating and cooling modes. To test different design 

options, different constraints for the primary system are chosen based on 

the building’s maximum heating and cooling demands, as shown by 

Equation 4-1, Equation 4-2, and Equation 4-3.  

u_ubHeati =max(�̇�𝑡𝑜𝑡𝑎𝑙𝐻𝑒𝑎𝑡𝑖𝑛𝑔)*Vi    ∀i∈{1,…,16} Equation 4-1 

u_ubCooli =max(�̇�𝑡𝑜𝑡𝑎𝑙𝐶𝑜𝑜𝑙𝑖𝑛𝑔)*Vi   ∀i∈{1,…,16} Equation 4-2 

V= [0, 0.1, 0.2, 0.3, 0.4, 0.45,0.5, 0.55,0.6, 0.65,0.7, 

0.75,0.8, 0.9,1.1, 1.3]  

Equation 4-3 

  

Where u_ubHeati is the maximum heating power that can be injected into 

the TABS in design configuration i (i is the DesignID) corresponding to a 

specific size of the primary generation system. Similarly, u_ubCooli 

corresponds to the maximum cooling power (maximum heat that can be 

removed from the pipes) for design configuration i. These maximum loads 

are scaled up according to the list of 16 coefficients (as the vector V) to 

produce a set of possible sizing options of the GSHP. Representing the first 

design configuration, the first element of V imposes the primary system 

maximum power to be zero, providing a scenario where only the secondary 

system is used, and the full load is covered by conventional systems. This 

scenario will hereafter be referred to as non-GEOTABS. Note that if the 
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high thermal capacity of TABS is not effectively used, the building load 

will increase. Thus, for this specific scenario, the thermal capacity of TABS 

is excluded from the building model. According to vector V, there are 15 

hybridGEOTABS scenarios for each case study with corresponding sizing 

and share of GEOTABS. It can be anticipated that the share of GEOTABS 

will increase between design 2 and 16 because the maximum power of the 

primary system increases (see Equation 4-3). It was previously mentioned 

that the primary system power tends to reach the constraints (GEOTABS 

is treated as the base load), and the secondary system will be used only as 

much as needed. Hence, the use of vector V will result in different sizing 

and load split for the primary and the secondary systems. A (full) 

GEOTABS scenario hereafter refers to the scenario where (almost) the 

full building load is covered by GEOTABS. A full GEOTABS scenario can 

be only identified after simulations since it cannot be guaranteed that 

GEOTABS can fully cover the demand even with large production units. 

Note that the OLSA automatically derives the secondary system maximum 

power from the known primary system maximum power. In other words, 

when a higher primary system maximum power is imposed by the 

constraints via Equation 4-3, the secondary system maximum power is 

accordingly derived from the simulation by the OLSA. Hence, it is 

unnecessary to predefine the maximum secondary system power. As such, 

only the design options on the Pareto front are simulated which 

dramatically increases the efficiency of the brute-force methodology (see 

Figure 4-2). The infeasible design options are the ones that do not meet 

the thermal comfort conditions. These options are not simulated, because 

the OLSA will guarantee thermal comfort by using the secondary system 

if the primary system is undersized in the predefined design. Non-optimal 

designs are excluded as well because the OLSA automatically decreases or 

increases the secondary system size as much as needed. Thus, instead of 

searching for a random combination of the design variables, the simulation 

starts from one variable which is GSHP maximum power. Then, it derives 

the sizes of all other components via simulation, in the process retaining 

only the solutions on the Pareto front. 

Although the power of TABS is controlled optimally, parameters such as 

the floor area covered by TABS, the thickness of the concrete, pipe 

diameters, and pipe spacing are not optimization variables in the OLSA, 

which is a fair assumption in the early design stage. These parameters are 

assumed fixed, as listed in Annex A. Additionally, the conditioned floor is 

commonly covered by TABS as much as physical constraints allow. Thus, 



Techno-Economic Assessment of hybridGEOTABS  127 

for all GEOTABS scenarios, 80% of the ceiling contains TABS given that 

enough space should be left for other installations such as lighting and 

ventilation ducts. The OLSA also assumes concrete core activation (CCA) 

as a standard type of TABS. 

4.3.3 Step 3: Calculating Annual Loads and Sizing 

Key Components 

This step includes post-processing of the results from step 2. The annual 

load of each subsystem in heating and cooling modes is estimated by 

summation of the hourly demands for one year. The annual loads are later 

used to calculate the energy costs, primary energy use and carbon dioxide 

emissions. 

The hourly time series of the primary and the secondary system loads are 

used to size the components. For cases with passive cooling, the PCHX and 

GSHP are sized based on maximum cooling and heating loads of the 

primary system respectively. However, for warmer climates, passive cooling 

might not be an option for all cases and thus a reversible heat pump is 

chosen. For a reversible GSHP, the sizing is given extra consideration 

because the nominal power of the device differs for cooling and heating 

modes. The nominal powers are reported based on standard tests with 

specified test conditions which must be translated to real operating 

conditions during detailed sizing [153]. Most GSHP producers report a 

higher power for the same heat pump in cooling mode compared to heating 

mode as a result of favorable working conditions of GSHPs in cooling mode 

[30] (the ground temperature is very close to the room temperature). In the 

early-design stage, an estimation of the power of the GSHP is sufficient to 

perform the financial analysis. The final decision is made in the detailed 

design stage and considers the devices available on the market. Therefore, 

for reversible GSHPs, used for case studies in Madrid, it is assumed that 

the heat pump’s nominal cooling power is 20% higher than its heating 

nominal power based on the difference in the COPs in heating and cooling 

modes, as expressed by Equation 4-4. 

 

𝐺𝑆𝐻𝑃𝑠𝑖𝑧𝑒

= {
max(�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙)   𝑖𝑓 1.2 ∗ max(�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡) < max(�̇�𝑃𝑟𝑖𝑚𝑠𝑦𝑠𝐶𝑜𝑜𝑙)  

max(�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡)     𝑖𝑓 1.2 ∗ max(�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡) > max(�̇�𝑃𝑟𝑖𝑚𝑠𝑦𝑠𝐶𝑜𝑜𝑙) 
 

Equation 

4-4 
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Where �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡 and �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙 are the primary system power time 

series as outcomes of the OLSA in heating and cooling modes respectively. 

Boiler, Chiller and FCU  
 Chiller and boiler nominal power are sized such that they are equal to the 

maximum cooling and heating loads of the secondary system based on the 

hourly time series of the secondary system in step 2. The FCUs are sized 

based on the maximum power of both heating and cooling modes because 

a 4-pipe configuration is considered as the secondary emission system for 

both heating and cooling. FCU producers typically declare higher power in 

heating mode than in cooling mode. This again is related to the differences 

in operating temperature of the FCUs in heating and cooling modes. The 

temperature difference between the two sides of the heat exchanger of the 

FCU in heating mode is typically higher than in cooling mode resulting in 

a higher output power for the same design of the heat exchanger in FCU. 

In the 4-pipe high temperature FCU the nominal cooling power is assumed 

to be 60% of the nominal heating power [75]. Hence, Equation 4-5, Equation 

4-6, and Equation 4-7 are used to size the boiler, chiller and FCU 

respectively, based on the time series of the secondary system load. 

Where �̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐻𝑒𝑎𝑡and �̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐶𝑜𝑜𝑙 are the secondary system power time 

series (outcomes of the OLSA) in heating and cooling modes respectively. 

4.3.4 Step 4: Sizing of the Borefield  

The design of the borefield is one of the most delicate parts of designing 

GEOTABS systems. If the borefield size is too small, it will lead to the 

eventual depletion of the ground source and consequently to a reduced 

energy-efficiency or even system failure (if cooled below the freezing point). 

For instance, in a heating-dominated building, heat extraction from the 

ground will cause the fluid temperature to decrease, reducing the GSHP 

performance and in some extreme cases even causing the fluid or the 

surrounding ground to freeze. On the other hand, in a cooling-dominated 

building the fluid temperatures can increase up to a point where passive 

𝐵𝑜𝑖𝑙𝑒𝑟𝑆𝑖𝑧𝑒 = max (�̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐻𝑒𝑎𝑡) Equation 4-5 

𝐶ℎ𝑖𝑙𝑙𝑒𝑟𝑆𝑖𝑧𝑒 = max (�̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐶𝑜𝑜𝑙) Equation 4-6 

𝐹𝐶𝑈𝑠𝑖𝑧𝑒

= {
𝐵𝑜𝑖𝑙𝑒𝑟𝑆𝑖𝑧𝑒             𝑖𝑓 𝐵𝑜𝑖𝑙𝑒𝑟𝑆𝑖𝑧𝑒 > 1.6 ∗ 𝐶ℎ𝑖𝑙𝑙𝑒𝑟𝑆𝑖𝑧𝑒  
𝐶ℎ𝑖𝑙𝑙𝑒𝑟𝑆𝑖𝑧𝑒             𝑖𝑓 𝐵𝑜𝑖𝑙𝑒𝑟𝑆𝑖𝑧𝑒 < 1.6 ∗ 𝐶ℎ𝑖𝑙𝑙𝑒𝑟𝑆𝑖𝑧𝑒 

 
Equation 4-7 
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cooling can no longer be used, or in the case of active cooling, the COP of 

the GSHP could drop remarkably. However, if the borefield is sized too 

large to avoid these problems, the investment costs will jeopardize the 

feasibility of the installation. Various features, such as the massive ground 

thermal inertia and thermal interference between the boreholes, must be 

considered. As concluded in Section 1.4.1.1, the borefield thermal response 

to the loads must be estimated for short-, medium-, and long-term usage. 

Borefield thermal step-responses (also known as g-functions), characteristic 

for each borefield geometry and configuration, are typically used to predict 

the borefield fluid temperatures [150]. The borefield parameters such as 

borefield shape, length, and number of boreholes are chosen iteratively so 

that the step-response does not drive the fluid temperature out of the 

constraints. 

The time series of the primary system in step 2 is used as a starting point 

for sizing of the borefield. First, the primary system loads are converted to 

ground loads using the COP of the GSHP (either in heating or active 

cooling mode) as indicated in Equation 4-8.  

 

In Equation 4-8, the cooling case is only applicable to active cooling, in this 

book in Madrid. In the case of passive cooling, the loads (primary system 

and ground) are assumed to be the same because a heat exchanger is being 

used instead of a heat pump. Higher loads therefore appear in active cooling 

mode. The minus sign is used to reverse the direction of the load when 

converting the GSHP load to the borefield load. Once the ground loads 

(borefield load �̇�𝐵𝑜𝑟𝑒𝑓𝑖𝑒𝑙𝑑) are determined, the method of Ahmadfard and 

Bernier [151], which belongs to the L2 class of borefield sizing, is used. 

Their method is a modification of an original equation proposed by 

ASHRAE. The equation is valid for geothermal boreholes connected in 

parallel with the building, which is the most common configuration found 

in building applications. For a given borefield configuration, the total 

borefield length L is calculated using Equation 4-9. 

�̇�𝐵𝑜𝑟𝑒𝑓𝑖𝑒𝑙𝑑 =

{
 

 −�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡 ∗ (1 −
1

𝐶𝑂𝑃ℎ
)   𝐻𝑒𝑎𝑡𝑖𝑛𝑔 𝑚𝑜𝑑𝑒 

−�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙  ∗ (1 +
1

𝐶𝑂𝑃𝑐
)   𝐶𝑜𝑜𝑙𝑖𝑛𝑔 𝑚𝑜𝑑𝑒 

 Equation 4-8 
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The equation relies on the properties of the temporal superposition of the 

three consecutive pulses representing the peak load (𝑞ℎ), the maximum 

monthly load (𝑞𝑚) and the yearly imbalance load (𝑞𝑦) derived from the 

�̇�𝐵𝑜𝑟𝑒𝑓𝑖𝑒𝑙𝑑  profile. These loads are applied for 6 hours, 1 month, and one 

year during the design period (25 years) respectively. The thermal response 

of the borefield fluid for these three loads considering the undisturbed 

ground temperature (Tg) must stay between the design fluid constraints 

(𝑇𝑚). These design fluid constraints can depend on national legislation but 

are usually within 0 °C (for heating) and 20/35 °C (for passive/active 

cooling).  

L is calculated for heating and cooling modes separately. The larger 

borefield of both (heating or cooling) should be selected for each design to 

guarantee that the load split proposed by the OLSA is adhered to and the 

borefield can cover the load in both heating and cooling modes. The sign 

convention is positive when heat is injected into the ground and negative 

when heat is extracted from the ground. �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡 is originally positive 

and �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙 is originally negative and to simulate the direction of 

injecting and rejecting heat to/from the borefield a minus sign was added 

before them in Equation 4-8. The effective borehole resistance 𝑅𝑏 is a 

parameter that depends on the borehole geometry, while the effective 

ground resistances 𝑅𝑔ℎ, 𝑅𝑔𝑚 and 𝑅𝑔𝑦 depend on the thermal step-response 

of the borefield and the soil thermal properties (thermal conductivity 𝑘𝑔 

and diffusivity 𝛼𝑔). Since this borefield thermal response depends on the 

borefield length (as well as the ground properties and the borefield 

configuration), an iterative process is required to calculate the borefield 

length, implemented as a Python script. The script first calculates the size 

for one simple borehole, and assumes that no interference occurs between 

the boreholes, to output an initial estimate of the magnitude in a best-case 

scenario. Then, a circular borefield configuration is constructed with an 

initial guess of 100 m length per borehole and the iterative process is 

initiated. The motivation for choosing a circular field is that it maximizes 

the thermal interactions between boreholes compared to other 

configurations (such as rectangular, L-shape or U-shape configurations), 

and therefore produces the worst-case scenario. This implicitly introduces 

a safety factor into the pre-design procedure. 

𝐿 =
𝑞ℎ𝑅𝑏 + 𝑞𝑦𝑅𝑔𝑦 + 𝑞𝑚𝑅𝑔𝑚 + 𝑞ℎ𝑅𝑔ℎ

𝑇𝑚−𝑇𝑔 Equation 4-9 
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4.3.5 Cost-benefit analysis  

The problem is approached from the viewpoint of an individual agent 

namely the investor or the designer. Thus, a general cost-benefit analysis 

(CBA) framework is utilized whereby the implications of the technical 

aspects are also observed in each decision. CBA refers to a systematic 

approach for the economic evaluation of the decisions (designs) by a 

decision-maker (designer) [154]. The designer estimates costs and benefits 

of every decision to be able to compare them. The costs and benefits are 

normally assessed over the life cycle of a project or product with a specified 

system boundary [155]. In tis book, the system boundaries are confined to 

the HVAC system. 

One of the main indicators in CBA is the net present cost (NPC) that is 

used to assess the financial aspects of the design. NPC translates the 

expected operational costs in the future to the present cost by using a 

discount rate. Consequently, operational and investment costs can be 

compared, and it is possible to see whether increasing the investment cost 

might sufficiently save on operational costs in the future to make the 

investment profitable. The operational costs typically include the annual 

cost of energy, the maintenance costs of the system, and the replacement 

costs of some components. Although NPC is normally reported as negative 

cash flows (for comparison to incomes as positive cash flows) for HVAC 

systems only the absolute NPC is reported because the system is not 

expected to have incomes or positive cash flows. However, the cost-saving 

due to a specific design in comparison to a baseline design or baseline 

scenario is considered as the benefit of a design. NPC is calculated using 

Equation 4-10 and Equation 4-11. 

𝐶𝑡𝑜𝑡=𝐶𝑖𝑛𝑣𝑒𝑠𝑡+𝐶𝑜𝑝𝑒𝑟 Equation 4-10 

𝐶𝑜𝑝𝑒𝑟=∑ (𝐶𝑒𝑛𝑒𝑟𝑔𝑦
𝑡 + 𝐶𝑟𝑒𝑝

𝑡 + 𝐶𝑚𝑎𝑖𝑛𝑡
𝑡 ) ∗

𝑇

𝑡=1
 (

1

1+
𝑟

100

)
𝑡

 Equation 4-11 

Where Ctot is the total cost of the system during the working period T (in 

years). Cinvest is the investment cost, also called the initial cost, which is the 

summation of the investment costs of different components of the system. 

Coper is the operational costs of the system for T years of system operation. 

𝐶𝑒𝑛𝑒𝑟𝑔𝑦
𝑡 is the energy cost for the year t of the system operation period. The 

energy costs are calculated from the electricity and gas consumption of the 

system and the energy prices. To this end, the efficiency (COP for heat 

pumps) of each subsystem is used to convert the thermal energy use of that 
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subsystem to the corresponding electricity or gas use. Note that for passive 

cooling a COP of 20 is assumed, which accounts for the pumping energy 

[75, 64]. The energy costs can differ from year to year due to expected 

differences in the energy use of the system and variations in energy price. 

However, it is assumed here that the energy use of the building is repeated 

annually, and the energy price is fixed throughout the working period. 𝐶𝑟𝑒𝑝
𝑡  

is the replacement cost in the year t and is calculated based on the lifespan 

of the different components. 𝐶𝑚𝑎𝑖𝑛𝑡
𝑡  is the summation of annual 

maintenance costs of different system components for year t of the 

simulation. r is the discount rate, which is the interest rate used to 

determine the present value of future cash flows. All parameter values 

chosen in this study are listed in Table 4-2.  

The designs are assessed in terms of their carbon dioxide emission as well. 

In this context carbon dioxide emissions represent a cost, while carbon 

dioxide emission savings are understood as a benefit of a design. Although 

carbon dioxide emissions can be evaluated on different time scales and in 

different parts of the system (e.g., including embedded energy, 

transportation of components, etc.), only the carbon dioxide emissions 

associated with operational energy use are discussed in this book. 

Therefore, a fixed conversion factor for electricity and gas is used to 

estimate the carbon dioxide emissions for each design on the basis of the 

annual energy use of the system. Documented values for the conversion 

factors are controversial [129]. Therefore, first a fixed conversion factor 

value is used based on the European average for different climates as listed 

in Table 4-2. In Section 4.5.6 a sensitivity analysis of this factor is 

presented. 

4.4 Case studies 

The proposed framework is applied on nine case studies representing design 

variations of an office building. Different climates within Europe are chosen 

for the case studies and different insulation levels are shown in Table 4-1. 

All case studies have the same geometry, resulting in a building with a 

total conditioned floor area of 2,390 m2. The total conditioned volume of 

the building is 8,533 m3 and the total heat loss area is 4,325 m2. The 

physical parameters of the building are listed in Table 4-1. Madrid, 

Brussels, and Warsaw were selected as the building locations to represent 

warm, moderate, and cold climates in Europe. All cases have a 38% 

window-to-wall ratio with the same internal gain profiles (33 W/m2 on 
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average during working hours) and are west-oriented with an automatic 

shading system (for details about the modeling and simulation methodology 

for the cases studies please see [96, 97]). For each case study, the load 

duration curve (LDC) is derived from the time series of hourly thermal 

loads, calculated using Modelica models of the building (the result of step 

1). The LDCs in Figure 4-5 show the thermal (im)balance between heating 

and cooling loads and the maximum heating and cooling loads of the 

building. The described design methodology uses the parameter values as 

reported in Table 4-2. Note that passive cooling is deployed for the cases 

in Warsaw and Brussels only. 

Table 4-1 Building envelope characteristics of the 9 different case studies used in 

this chapter. 

Insulation 
U-value opaque 

(W/m2/K) 

U-value windows 

(W/m2/K) 

Airtightness at n50 

value (1/h)  

High 0.15 0.8 0.6 

Medium 0.27 1.5 2 

Low 0.50 2.5 5 

 

 

Figure 4-5 LDCs for cooling (left) and heating (right) for the nine cases studies. 
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Table 4-2 Parameters values used in this chapter. 

Financial parameters 

 Madrid Brussels Warsaw 

Electricity price 

(€/kWh) [156] 
0.24 0.28 0.16 

Gas price (€/kWh) 

[157] 
0.09 0.05 0.04 

Total operational 

period T (year) 
25 

Discount Rate r 

(%) 
2 

 

Investment 

cost* (€) 

 

Maintenance 

costs** (%) [75] 

lifespan 

(year) 

[159] 

GSHP*** 518x+5935 4 20 

PCHX [75] 29.9x+1304 2 50 

Borefield**** 31.5x+12136 0 50 

Chiller [75] 398x+625 4 15 

Boiler [75] 130x+232 2 15 

FCU [75] 351x+100 4 15 

TABS [166] 21x 2 50 

Systems efficiencies in operating conditions [75, 160] 

COPh GSHP 

system 
5 

COPc GSHP 

system 
6 

COP Passive 

cooling 
20 

Boiler efficiency 

(%) 
95 

COP Chiller  3 

FCU efficiency (%) 95 

Ground properties [169] 

 Madrid Brussels Warsaw 

Undisturbed ground 

temperature (°C) 
14 10 8 

Maximum borefield 

temperature (°C) 
25 20 20 
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Minimum borefield 

temperature (°C) 
0 0 0 

Thermal 

conductivity of the 

ground (W/m/K) 

2 

Borehole buried 

depth (m) 
5 

Borehole spacing 

(m) 
6 

Borehole effective 

thermal resistance 

(m.K/W) 

0.15 

Boreholes outer 

diameter (mm) 
101.6 

Energy to carbon dioxide conversion factors [158] 

Electricity 

(g/kWhel) 
251 

Gas (g/kWhth) 220 
*The investment costs have a variable part (a*x) and a fixed part (b) and can thus be 

presented by the linear function a*x+b, with x the size of the system. The unit of the index 

a is per m2 for TABS, per meter for borefield, and per W for the rest, while b is in € for all 

equipment. 

**The annual maintenance cost is presented as a percentage of the investment cost according 

to EN 15459 [52].  

***The function is derived from a regression line calculated based on the real prices in the 

market (see Annex C). 

**** The buried borefield depth refers to the distance between the ground surface and the 

start of the borefield cylinder where the heat transfer with surrounding land happens 

effectively and where the undisturbed temperature is almost steady throughout the year.  

4.5 Results  

The relation between operational and investment costs for the different 

case studies is investigated in Section 4.5.1 by analyzing the Pareto optimal 

solutions for costs and corresponding carbon dioxide emissions, as well as 

the share of GEOTABS for each case study under the different design 

options. In Section 4.5.2, the total cost breakdown is discussed. The 

payback period is discussed in Section 4.5.3 and sensitivity of the payback 

period to the energy prices is investigated in Section 4.5.4. Optimal sizing 

Continued from the previous page Table 4-2 
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of the components is discussed in in 4.5.5 to provide general guidelines for 

designers. The sensitivity of carbon dioxide emission saving to the 

electricity-to-CO2-emission conversion factor is evaluated in Section 4.5.6.  

4.5.1 Optimal solutions  

As explained in section 4.3, the operational costs for the entire operating 

period, the investment costs, and the CO2 emissions corresponding to each 

design option are calculated for each case study using the results from steps 

1 and 2. A comprehensive evaluation of the possible solutions is provided 

in this section.  

Figure 4-6 depicts the relation between operational costs (vertical axis) and 

investment costs (horizontal axis) for different climates (different line 

colors) and different building insulation levels (different marker shapes and 

line types). The markers of each case study are connected to show the 

trendline of the relation between the costs and different design options for 

each case study. The carbon dioxide emission related to each design is 

visualized with the size of each marker and the share of GEOTABS relative 

to the total annual demand is shown with the opacity of the markers. The 

most transparent marker is the non-GEOTABS scenario and is the biggest 

marker on the left side (highest carbon dioxide emission) in each case study. 

The darkest markers on the right side of each graph represent the designs 

with the largest GSHP size according to the mesh vector in Equation 4-3. 

Equidistant contour lines of the specific net representing cost (Ctot) are 

drawn to facilitate the comparison between different scenarios in terms of 

the total cost. 

Figure 4-6 shows a general pattern in the trendlines in all case studies 

considered. The trend starts with the non-GEOTABS scenario on the left 

side of the graph where the operational costs are almost twice the 

investment costs for each case study (see line y=2x). The trendlines end 

on the right side in the last design scenario (coefficient number 16 in vector 

V) where the share of GEOTABS is almost 100%, and which is therefore 

called the GEOTABS scenario.  

From the trendlines, it is clear for all case studies that moving from the 

non-GEOTABS scenario to the GEOTABS scenario leads to increasing 

investment costs and decreasing operational costs and carbon dioxide 

emissions. The investment cost is around two times higher than the 

operational cost (y=x/2) for GEOTABS scenarios. However, for low 
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insulated cases, the ratio of the operational cost to the investment cost is 

slightly higher than 2 for the non-GEOTABS scenario. This is because the 

investment cost is hardly influenced by the building design in non-

GEOTABS scenarios, in contrast to the operational cost. On the contrary, 

both investment and operational costs for hybrid scenarios are strongly 

correlated with the climate and building insulation level. The investment 

cost for GEOTABS scenarios is between 58 and 175 €/m2. However, this 

investment cost varies between 26 and 48 €/m2 for the non-GEOTABS 

scenario. This proves the inherent difference in the design procedure of the 

two systems.  

Looking at the contours of the specific net present cost for the entire period, 

hybridGEOTABS is cheaper than the non-GEOTABS scenario for 5 case 

studies. In high and medium insulated cases in Warsaw and in Brussels 

GEOTABS results in total cost savings of between 10% and 19%. In these 

cases, after reaching a cost-optimal point, the operational costs are not 

further decreasing with a higher GEOTABS share while the investment 

costs increase further due to larger GSHPs and associated borefields. In 

Madrid, only the low insulated case study is financially feasible for 

GEOTABS with the current assumed economic factors. 

Figure 4-6 proves the importance of a case-specific predesign step for 

GEOTABS, in contrast to the conventional systems. The building 

insulation level can simply increase or decrease the investment and 

operational costs. The similar start of the trendline with non-GEOTABS 

scenarios on the left side is followed by a divergence of the costs on the 

right side for different case studies.  

Furthermore, moving along one trendline represents a search for the 

optimal design of HVAC for a given building design, whereas moving from 

one trendline to another (of the same color) represents a change in the 

building design. The impact of the building design can be seen to be 

remarkably high. This demonstrates the significance of integrated design 

methods. 
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Figure 4-6 Comparison between the present value of operational costs over 25 

years and investment costs, for different shares of GEOTABS, together with the 

carbon dioxide emissions for nine case studies. 

4.5.2 Cost Breakdown and Optimal Load Split 

It was observed that the net present cost for hybridGEOTABS scenarios 

reaches a minimum when the share of GEOTABS is relatively high. In 

other words, the optimal solution of the hybridGEOTABS scenario is found 

around the maximum share of GEOTABS. For a more in-depth 

investigation, the relationship between the (break down of) total costs and 

the design is shown in Figure 4-7 for the 9 case studies (with a variation of 

insulation level horizontally and a variation of climate vertically). In each 

individual plot, the horizontal axis is the Design ID (i) related to the vector 

V in Equation 4-3. Moreover, the share of GEOTABS is plotted by a black 

line associated to the right vertical axis.  
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In general, it can be concluded that the optimal load split between 

GEOTABS and the secondary system is found near the maximum share of 

GEOTABS between DesignID 5 and 10. Thus, it is expedient for the 

designer to assume that the optimal design of hybridGEOTABS simply 

coincides with the maximum achievable share of GEOTABS. However, the 

optimal design of hybridGEOTABS is not necessarily cheaper than the 

non-GEOTABS scenario. In other words, depending on the case study, the 

optimal hybridGEOTABS scenario could be a global cost optimum when 

cheaper than the non-GEOTABS scenario, or a local cost optimum when 

more expensive than the non-GEOTABS scenario. This is related to the 

building design since the only variant parameter in each climate is the 

building insulation.  

From Figure 4-7, medium and highly insulated cases in Brussels and 

Warsaw, and the minimally insulated case in Madrid show a cost-saving 

for the entire period. In these cases, high operational costs in the non-

GEOTABS scenarios are replaced by high investment costs of the 

GEOTABS scenarios. At the same time, a remarkable saving in operational 

cost is observed. However, all cases experience oversizing after the 

DesignID 10 after which increasing the maximum power of the GSHP will 

not increase the share of GEOTABS. meaning that after DesignID 10. In 

cases which appear more expensive with hybridGEOTABS, the operational 

costs decrease slightly by GEOTABS while the investment costs increase 

by GEOTABS. For instance, in the low insulated case in Warsaw, the 

energy cost of the boiler is replaced by the energy cost of the GSHP, while 

the investment cost of GSHP and borefield are remarkably higher than the 

one of the boiler, which terminates in higher NPC by GEOTABS.  

The hybridGEOTABS scenarios between the optimal hybridGEOTABS 

and non-GEOTABS provide a set of different solutions for the designer. 

For example, if hypothetically the design must reach a specific criterion in 

terms of CO2 emissions and investment costs, and if the building design 

cannot be altered, the designer can flexibly move between GEOTABS and 

non-GEOTABS to meet the criteria. The optimal design could easily differ 

from case to case.  

The borefield investment cost is the dominant cost for all cases at first 

glance. From left to right in the individual plots, the high operation costs 

(mainly electricity and gas for the chiller and the boiler) are replaced by 

the investment costs of the borefield. Figure 4-7 shows that for some cases, 

such as the low insulated case in Warsaw and Brussels, the electricity costs 
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of the GSHP are almost as high as the costs of gas for the boiler. Thus, in 

these cases, the NPC always increases when the share of GEOTABS is 

increased. In other words, higher investment costs in such conditions 

cannot save operational costs.  

 

Figure 4-7 Break down of the specific net present costs for 25 years (bar graph 

related to the left vertical axis) and the share of GEOTABS (black line related to 

the right vertical axis) for the 9 case studies; investment costs are distinguished 

by darker colors 

4.5.3 Annual cashflow and payback period 

The annual cashflow of the non-GEOTABS scenario is compared to the 

hybridGEOTABS scenarios for 25 years of operation for the nine case 

studies (Figure 4-8). The annual cost of the non-GEOTABS scenario is 

considered the baseline and is subtracted from the annual cashflow of 

hybridGEOTABS scenarios. As such, negative cashflows correspond to 
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higher annual cost of hybridGEOTABS in comparison to the baseline and 

positive cashflows show financial benefits of hybridGEOTABS. Note that 

the investment cost is the cost of the year zero and thus the comparison 

starts with a negative value at year zero because hybridGEOTABS 

scenarios always have higher investment costs.  

At the first glance, positive slope of all the lines show that 

hybridGEOTABS will save operational costs in all the DesignIDs. In other 

words, part of the investment is recouped annually for all case studies and 

for all DesignIDs. However, in some case studies and in some specific 

DesignIDs, the annual operational cost savings are higher and accordingly 

the return is faster resulting in a full return (named payback) and even a 

positive cashflow before the year 25. The payback period is defined as the 

period need to return the investment and can be compared for different 

case studies from Figure 4-8.  

The fastest payback, 10 years, is observed in medium insulated case in 

Warsaw. The medium insulated case in Brussels and the low insulated case 

in Madrid can also return the investment in 11 years. Importantly, in these 

three case studies near-optimal designs can also return the investment, even 

though the return happens slightly later than the optimal design. For 

instance, in the medium insulated case in Warsaw, the optimal design is 

DesignID 8 while DesignIDs 7 to 14 can still return the investment in 11 

to 20 years. On the contrary, in the low insulated case in Warsaw, any 

DesignID can achieve remarkable change in paying the investment back, 

but the payback period is more than 25 years.  
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Figure 4-8 Cashflow of the nine case studies with different design scenarios 

(DesignID) for 25 years. 

4.5.4 Sensitivity of the payback time to the 

Electricity and Gas Price 

To investigate the influence of the energy price on the optimal design, 

operation costs of non-GEOTABS and hybridGEOTABS scenarios were 

recalculated with different electricity and gas prices. The cheapest 

hybridGEOTABS scenario is considered the optimal design for each case 

study and is compared to the non-GEOTABS scenario. The payback period 

of the financial optimal design is reported as a function of gas and 

electricity price in Figure 4-9a. All payback times of over 25 years are 

reported as 26 year (dark red) and conversely lighter tiles in Figure 4-9a 

show shorter payback times. Moreover, as the cheapest design does not 

remain the same when energy prices changed, the share of GEOTABS in 

the optimal design is reported in Figure 4-9b with the darkness of the color 

of the tiles. High GEOTABS shares are shown in dark green. 
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Figure 4-9 reveals the variation in the influence of the energy price on the 

payback time and the optimal share of GEOTABS in the different case 

studies. There are three distinctive patterns: 1) horizontal, 2) vertical, and 

3) diagonal. The horizontal pattern refers to the condition when the 

sensitivity of the payback period (or optimal share of GEOTABS) is 

dominated by the gas price such as in low insulated cases. The vertical 

pattern is attributed to the cooling-dominated cases when the electricity 

price is more decisive. This pattern is observed in high insulated case study 

in Madrid. The diagonal pattern is observed in cases with relatively 

balanced heating and cooling. The slope of the diagonal pattern also 

depends on how much heating and cooling-dominated (and thus gas or 

electricity dependent) the case study is. In these cases, the financial 

competitiveness of GEOTABS is dependent on the gas price, electricity 

price, and their relative value. For instance, in a high insulated case in 

Warsaw, the payback period can be shorter when the electricity price 

increases. However, if the gas price is very low, the financial 

competitiveness of GEOTABS is threatened. On the other hand, the region 

where both electricity and gas prices are low shows the longest payback 

period, around 20 years. The payback period in Madrid is clearly more 

dependent on the design than on the electricity prices. In Warsaw, however, 

in the low insulated case study the price of gas can shorten the payback 

period from over 25 years to less than 10 years. The medium insulated case 

study in Warsaw shows minor sensitivity to the energy prices while it has 

less than 15 years payback period and thus may be an appropriate design 

for GEOTABS.  

An important finding is the sensitivity of the optimal share of GEOTABS 

to the prices shown in Figure 4-9b. It should be noted that the term 

"optimal" here refers to the design with the shortest payback period. When 

the energy prices increase simultaneously, hybrid scenarios become more 

interesting as the operational costs generally increase and become 

comparable to the investment cost. As a result, optimal share for 

GEOTABS in some cases is inversely related to the energy prices. For 

instance, in the medium insulated case in Brussels, which is a common 

practice design, with higher energy prices, the color slightly changes from 

dark green to light green, showing lower share for GEOTABS. This is 

because the payback period was simply chosen as the decisive indicator. 

These results should therefore be interpreted cautiously. As a general trend, 

the optimal share of GEOTABS decreases when energy prices increase. At 

the first glance, it seems that the results demonstrated an adverse impact 
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of energy prices increase on hybridGEOTABS feasibility. However, when 

looking at Figure 4-9a, the payback time of the investment is decreasing 

with the increasing energy prices. For instance, in high insulated case study 

in Madrid, optimal share for GEOTABS is zero and similarly the payback 

period for GEOTABS (if installed) will be over 25 years. However, when 

electricity prices increase, the trade-off between higher investment costs 

and high operational costs savings with GEOTABS becomes marginal and 

a payback period of ~15 years with over 75% of share or GEOTABS is a 

feasible design. Furthermore, when the price of electricity is over ~50 €cent, 

optimal share for GEOTABS decreases to ~50% and the payback period is 

~10 years. This condition applies only to the high insulated case in Madrid 

and the conclusions cannot be easily extended from one case study to 

another. As such, the results in fact demonstrate the importance of a decent 

case-specific early-stage design. Simplifications in the early-stage design 

methods should not disregard the inherent and crucial complexity in the 

system design. 

Furthermore, the findings can be interpreted from the perspective of policy-

makers. Using the climate of Brussels as an example, the insulation level 

of the building can be a high-level indicator that can be regulated by 

policymakers. The level of insulation can also be linked to the year of 

construction. That is, new, medium, and old structures in the building 

stock can be associated with high, medium, and low insulated buildings. 

The presented results show a degree of complexity in the sensitivity of the 

results to energy prices. The same change in energy prices can have a 

different impact on the financial viability of hybridGEOTABS, potentially 

leading the market towards less environmentally friendly designs. When 

energy prices increase, lower GEOTABS shares can result in a shorter 

payback period and thus might be preferred for high-insulated buildings. 

On the other hand, for low-insulated buildings, high energy prices can make 

GEOTABS a financially interesting option, yet with lower shares (around 

50%) for GEOTABS. As such, the same change in energy prices may 

increase or decrease cost parity of GEOTABS and conventional systems 

depending on the building condition. If energy prices are related to policy-

making, the policy-maker must not overlook the complexity of the system. 

This work defies the common perception about the positive impact of high 

energy prices on sustainable technologies. Although this work highlighted 

the complexities of policy-making in this field, its findings are not sufficient 

for policy-making and cannot be directly applied, and thus a dedicated 

research is required for explicit conclusions. 



Techno-Economic Assessment of hybridGEOTABS  145 

 

Figure 4-9 Relation between electricity price (€cent/kWh) with payback period 

(a) and with GEOTABS optimal share  (b). 

                                                 
 
   

   
   

     
 
   

   
   

     
 
   

 
     

  
 
 
 
  

                     

 

  

  

  

 

  

  

  

 

  

  

  

                         

 
  
  
   
  
  
  
  
 

        
                     

 

                                                 

 
   

 
  
   

 
 
   

 
   

 
  
   

 
  
 
 

 
   

 
     

  
 
 
 
  

                     

 

  

  

  

 

  

  

  

 

  

  

  

                         

 
 
 
  
  
 
 
  
 
 
 
 
  

          
                             

 



146  Chapter 4 

4.5.5 Optimal sizing 

4.5.5.1 GSHP and secondary systems 

In 4.5.1 it was concluded that the net present cost cannot be decreased 

after a certain point where the share of GEOTABS cannot be increased 

effectively. To understand the reason of such behavior, the relation between 

system sizing and the share of GEOTABS is investigated. For this analysis, 

the relative sizing is defined as the maximum power of the (primary) 

production unit (GSHP and PCHX) in heating and cooling modes divided 

by the maximum hourly load of the building from the dynamic simulations 

in heating and cooling modes. Figure 4-10 shows the relation between the 

relative sizing of the production units (primary and secondary) and the 

share of GEOTABS. The trendlines are also depicted using a locally 

weighted scatterplot smoothing (LOWESS) line. Note that the primary 

system in cooling mode refers to the PCHX for passive cooling in Warsaw 

and Brussels.  

In all the case studies considered, the share of GEOTABS typically reached 

a maximum when the GEOTABS maximum power was between 40% and 

60% of the maximum dynamic demand. After this point, increasing the 

nominal power of the production system did not increase the share of 

GEOTABS but only increased the investment costs and thus increased the 

total costs.  

According to Figure 4-10, the relation between the share of GEOTABS and 

the size of the GSHP and PCHX is observed to be very smooth and 

predictable. Hence, optimal sizing of the GSHP and PCHX can safely be 

done using simple rules of thumb. When the maximum power of 

GEOTABS is around 50% of the maximum cooling demand, the share of 

GEOTABS is very close to 100%, and therefore a larger GSHP or PCHX 

will bring no added value. Similarly, in heating mode, the GSHP can be 

sized at around 60% of the maximum dynamic heating demand. This 

conclusion is consistent with previous optimal sizing suggestions. For 

instance, Sarbu and Sebarchievici [30] suggest to size GSHPs at 70% of the 

maximum demand to cover part of the demand. However, we show that 

even with such a relatively small sized GSHP, most of the demand can be 

fulfilled by GEOTABS. This is due to the ability of TABS to shift demand 

and to shave peaks, which is incorporated in this dynamic analysis in 

Section 4.3.2. 
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The secondary system size for lower shares of GEOTABS varies in different 

case studies. Although the trendline for the relation between the share of 

GEOTABS and the secondary system relative size can be drawn with a 

relatively good confidence interval, a strong pattern is not observed for the 

secondary system size for lower shares of GEOTABS (between 25% to 75%) 

over all case studies in Figure 4-10. It is seen that the size of the secondary 

system is almost similar when the share of GEOTABS is between 25% and 

75%. In other words, it cannot simply be assumed that increasing the 

primary system maximum power will decrease the secondary system 

maximum power. So, the naive assumption used in simplified sizing 

methods is flawed. In such methodologies, the designer assumes that the 

summation of the primary and the secondary system maximum power must 

fulfill the maximum building thermal load. However, such speculation can 

easily cause either under-sizing of the secondary system (thereby sacrificing 

thermal comfort) or over-sizing the secondary system (thereby jeopardizing 

the financial feasibility of the design). 

Grey dotted lines in Figure 4-10 show that, even when the share of 

GEOTABS is nearly 100%, the share of the secondary system is almost 

zero, but is not equal to zero. The OLSA does not allow any violation of 

the thermal comfort range. Thus, the secondary system is proposed by the 

algorithm to keep the indoor temperature in the thermal comfort range 

even if the secondary system is needed for only a very limited number of 

hours per year. Hence, the designer could decide to accept minor thermal 

discomfort (according to the intended comfort class) and eliminate the 

secondary system. However, in this scenario, the designer requires extra 

dynamic simulations to assess and report the possible thermal discomfort 

in the absence of a secondary system. 
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Figure 4-10 Relation between the share of GEOTABS and the production units 

relative sizing. 

4.5.5.2 Borefield 

In section 4.5.2 it was observed that the borefield is the most expensive 

part of the system and its optimal sizing is crucial for the economic 

feasibility of the project. Typical TEA models find the optimal size with 

given parameters such as soil thermal conductivity, length of the borehole, 

diameter of the borehole, and water flow rate. Many cases might appear 

financially infeasible because these parameters cannot be changed easily. 

However, the building and the associated borefield thermal loads have a 

significant impact on the borefield size. If the HVAC design is performed 

in the early-design stage, the building design and its thermal loads can be 

slightly altered if needed.  

First, it is important to distinguish that the building imbalance is not equal 

to the borefield imbalance since (i) the COP for heating is different from 

the COP for cooling (both for active and passive cooling cases) and (ii) the 

loads applied to the ground are those corresponding to the primary system, 

whereas it is assumed that the secondary system is not connected to the 

ground heat exchanger. In essence, the choice of the GSHP regarding its 

performance and capacity will have a substantial effect on the ground loads.  
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Second, Equation 4-9 shows that the borefield size results from the joint 

effect of three loads: an hourly load (accounting for the peak effects), a 

monthly load (accounting for the seasonal effects) and a yearly average 

load (accounting for the yearly imbalances). Bernier [161] reported that in 

most cases the peak load can account for 70% of the borefield length.  

Figure 4-11shows the contribution of the different loads to the calculated 

borefield length as a function of the design ID (given by the values of the 

vector V) for each climate and building insulation level, both in absolute 

terms (Figure 4-11a) and in relative terms (Figure 4-11b). The building 

imbalance is reported at the top of each subplot, where a negative value 

refers to a cooling-dominated case. The share of GEOTABS is shown as a 

line plot related to the right vertical axis.  

In most cases it is observed that, after a certain point, there is a change in 

slope of the borefield length increase where the share of the peak load 

increases and where the contribution of the peak load in the borefield sizing 

increases significantly. This point coincides with the point where the share 

of GEOTABS reaches about ~90%, after which the borefield is no longer 

used to cope with the base load of the building but handles the peak loads.  

Another interesting feature is the effect of the thermal imbalance. The load 

splitting algorithm does not take this effect into account. In general, the 

contribution of the yearly load to the borefield size is almost zero when 

there exists only a slight amount of heating imbalance (of up to ~0.5 W/m²) 

due to the differences between heating and cooling performance. However, 

large absolute imbalances (typically from 5 W/m² onwards) can increase 

the contribution of this term by more than 50%. The type of imbalance 

(heating vs active/passive cooling performances) and the operational cost 

of the primary and secondary systems (electricity vs gas) will determine 

whether it is more cost-effective to increase the size of the borefield (which 

results in higher investment costs) or the secondary system (which leads to 

more operational costs) to handle the imbalance load. An indicator for this 

could be the electricity/performance ratio as used by Cupeiro Figueroa et 

al. [162]. 

Keeping in mind the breakdown (Figure 4-7), the contribution of the peaks 

and the thermal imbalance (Figure 4-11), it can be concluded that the 

geothermal part of the system cannot deal with imbalance in a cost efficient 

way, even if it can physically cover the demand. Increasing the borefield 

size in this condition is not financially beneficial because the extra borefield 
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length is used in one mode only. In four out of the five cost effective case 

studies, the contribution of the imbalance in the borefield length is smaller 

than 25%. In the one remaining case, highly insulated in Warsaw, which 

has the lowest cost saving, the contribution of the borefield imbalance is 

lower than 35%. However, for the four case studies that were not financially 

viable (given current prices), the contribution of the borefield annual 

imbalance in the borefield length is higher than 40%. In these cases, the 

borefield must be remarkably oversized (from 1825 m in medium insulated 

case in Madrid to 4251 m in low insulated case in Warsaw) to cope with 

the annual thermal imbalance. This explains the earlier conclusion that 

proper system design needs a back-and-forth iteration between the HVAC 

designer and the building designer to avoid repercussions of inefficient 

building design.  

Moreover, in the relatively balanced cases (medium insulated in Warsaw 

and Brussels and minimally insulated in Madrid) the contribution of the 

yearly load appears/disappears beyond a point. This can be explained by 

the fact that the borefield length can be limited either by the peak during 

the first year of operation or by the imbalance during the last year of 

operation, as pointed out by Peere et al. [145].  
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Figure 4-11 Contribution of the peak, monthly and annual loads to the 

borefield length in a) absolute terms, and b) relative terms. Building 

imbalance (above each plot) and share of GEOTABS (black line) are also 

indicated. (Courtesy of Iago Cupeiro Figueroa).  
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Although the importance of the annual thermal balance was pointed out 

with Figure 4-11, the need for a practical guide for simplified sizing of the 

borefield was not addressed. It was concluded that the thermal imbalance 

cannot be cost-efficiently covered by the borefield. As a consequence, the 

early-stage design can be initiated by assuming that only the balanced part 

of the annual load is supplied by the borefield. However, the definition of 

the thermal balance is not yet clarified. The borefield thermal balance does 

not require that heating and cooling be identical because the borefield was 

found to be capable of handling a certain amount of imbalance. To find the 

definition of the tolerable imbalance, first the imbalance is defined as the 

annual heating thermal load for GEOTABS divided by the total annual 

thermal load of GEOTABS. It can be shown as Equation 4-12. 

𝐴𝑛𝑛𝑢𝑎𝑙 𝑖𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒 =
𝑠𝑢𝑚(�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡)

𝑠𝑢𝑚(�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡) + 𝑠𝑢𝑚(�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙)
 

 

Equation 

4-12 

 

Where �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐻𝑒𝑎𝑡 and �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠𝐶𝑜𝑜𝑙 are the time series of the primary 

system (GEOTABS) power calculated in step 2 (4.3.2) with the OLSA.  

The relationship between the annual thermal imbalance of the borefield 

and the average power of the borefield in heating and cooling modes for 

heating and cooling dominated conditions is shown in Figure 4-12 for all 

the case studies for all design scenarios. In fact, Figure 4-12 documents the 

borefield simulation results with a variety of annual thermal imbalance rate 

and different peak loads. Remind that each design scenario had different 

peak load and slightly different thermal imbalance for the borefield. The 

blue region represents the cooling-dominated simulations and the red region 

represents heating-dominated conditions. The vertical axis is the average 

cooling power of the borefield (blue shapes) and average heating power of 

the borefield (red shapes).  The simulations results were also separated in 

six different clusters (different shapes) using k-means algorithm. The six 

clusters were made based on the relation between their average borefield 

power and the annual thermal balance.  

It is observed that the average power of the borefield is higher in the non-

dominated mode for each side. For instance, in heating-dominated cases 

the average cooling power is higher. This is inherent to the borefield 

because the domination of the heating demand in the building will cause a 

relative depletion of the borefield which results in a lower average 

temperature of the borefield. Therefore, the average cooling power is higher. 

However, the borefield in such condition is sized with the average power in 
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the dominating mode, which is lower. This is in fact the physical 

explanation of the negative impact of the borefield imbalance on the 

financial indicators of the design. As a result, high average power of the 

borefield in the non-dominating mode is not practically useful. On the other 

hand, the two regression lines in the balanced region (green area) in cooling 

and heating modes are converging. In other words, for relatively balanced 

conditions, the average heating and cooling powers are very close ( roughly 

between 20 W/m and 40 W/m) which offers grounds for a simplified design 

guideline: when the annual balance is roughly between 40% to 60%, the 

borefield can be sized based on the peak load (at the borefield side) with 

an average power between 20W/m and 40 W/m. If the imbalance is higher 

or lower, the dominating mode defines the average power which is lower 

than the balanced conditions and thus the borefield is sized larger and the 

investment cost of the borefield increases. This also explains the reason 

why imbalanced conditions end in lower financial benefits. Importantly, 

there is a region (shown as potentially balanced) where the borefield 

imbalance is around 30% and the average heating and cooling power of the 

borefield are converging. This shows that the borefield can handle the 

annual imbalance at the cooling side to a greater extent than at the heating 

side. Such behavior is explainable by the inherent thermodynamic 

difference of the GSHP in heating and cooling cycles. In heating mode, the 

required building load is extracted from the borefield and added to the 

electricity work of the compressor and injected to the building (a lower 

thermal load than the building pure demand is extracted from the borefield 

), while in the cooling mode the electricity work of the compressor is added 

to the building load and is injected to the borefield (a higher thermal load 

than the building pure demand is injected to the borefield).  



154  Chapter 4 

 
Figure 4-12 The relationship between the annual thermal imbalance (%) and the 

average power of the borefield (W/m)  in heating and cooling modes for the nine 

case studies under 15 DesignIDs. 

4.5.6 CO2 Emission sensitivity analysis 

GEOTABS is an electricity-based system and obviously its potential for 

CO2 saving is highly dependent on the carbon dioxide emission conversion 

factor in the production of electricity. There is a large variation in the CO2 

conversion factors in different regions depending on the resources they use 

for electricity generation. For instance, in 2019 the variation in European 

countries was between 12 and 751 g/kWh for Sweden and Poland, 

respectively, whereas the European average was 259 g/kWh [155156]. The 

CO2-emission conversion factor is now varied to investigate the range of 

CO2-emission savings that can be achieved by GEOTABS. Conversely, the 

gas to carbon dioxide conversion factor has a relatively small variation and 

thus we assume that it is fixed, as indicated in Table 4-2. As in the 

calculation of the cost savings, the cheapest hybridGEOTABS scenario is 

considered as the optimal design of hybridGEOTABS. It is compared with 

the non-GEOTABS scenario in terms of the annual CO2-emissions. Figure 

4-13 shows the CO2 saving (top row) as a percentage of the annual CO2-

emissions of the non-GEOTABS scenario (bottom row) for the nine case 

studies. It is striking that the carbon dioxide emission saving has a 
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minimum of 51% even for the highest conversion factor for the highly 

insulated case in Madrid. This case only has cooling and thus the 

comparison is between two electricity-based systems, chiller and GSHP, in 

cooling mode. However, the carbon dioxide emission for this case is lower 

than for the other cases in Madrid, again showing that (regardless of the 

emission factor) the influence of the building design on the carbon dioxide 

emission is profound. The maximum saving is 92% and is achieved in the 

Belgian and Polish cases. Moreover, GEOTABS can save around 80% of 

the carbon dioxide emissions using the EU average carbon dioxide emission 

conversion factor in Belgian and Polish climates. However, as mentioned 

before the CO2-emission conversion factor in Poland is relatively high and 

thus the aforementioned CO2 emission saving in Warsaw can only be 

achieved after decreasing the environmental impact of the electricity 

production units in Poland.  

 

Figure 4-13 The impact of the carbon dioxide emission factor on the carbon 

dioxide emission and CO2 saving for the nine case studies (CO2 conversion factor 

for Poland is 751 g/kWh which is not shown in the graph). 
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4.6 Discussion 

The importance of integrating the GEOTABS design with the early-design 

stage of the building was confirmed repeatedly in the Results section. In 

the literature (e.g. [36, 163, 164] and extensively reviewed by [165]), 

financial viability of shallow geothermal systems is achieved through the 

optimal design of the geothermal system for a given building. In this study, 

however, it was observed that the building design is also highly influential 

on financial aspects of the system and may be a decisive factor for the 

financial feasibility of the HVAC system. Traditionally, the relationship 

between the building design and the HVAC operational costs is considered 

through the building heating and cooling demands. However, the influence 

of the building design on the HVAC investment costs – through the 

required power and in this case also thermal balance - is usually chiefly 

neglected due to the low investment costs of the conventional HVAC 

systems. Advanced sustainable HVAC systems show larger variations in 

investment costs. Hence, neglecting the impact of the building design on 

the investment cost of the HVAC system might bring repercussions such 

as high investment costs and the potential rejection of the technology due 

to financial infeasibility. Thus, innovative HVAC design necessitates the 

integration of the building and the HVAC designs. 

It was observed that a relatively high share of GEOTABS can be achieved 

with a relatively small GSHP and PCHX (50% of maximum cooling load 

in cooling mode and 60% of maximum heating load in heating mode). This 

was achieved by optimally utilizing the high thermal inertia of TABS for 

peak shaving and thus avoiding the conventional oversizing. The 

observations made with the proposed generic methodology are consistent 

with case specific findings in the literature ([40, 53, 163]). It was observed 

that GEOTABS can be financially viable in the three investigated climates 

provided that the building is optimally designed and controlled. In 

addition, optimal control of TABS must be integrated into the design. This 

was achieved by analyzing the dynamic behavior of the system components. 

At the same time, the necessary information to feed the algorithm was 

limited to what is typically known in the early-stage design. Compared to 

the approaches used in practice, an optimal design was achieved at high 

calculation speed, which is the primary novel contribution of this paper. 

The presented methodology considers the primary and the secondary 

systems as completely separated while they could be alternatively 

connected in the production and/or emission systems. For instance, in cases 
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with high cooling demands, the GSHP can be coupled to a cooling tower, 

and both (GSHP and cooling tower) can then be connected to the TABS. 

Similarly, if the available ground source allows, the GSHP can be connected 

to the FCU and the TABS simultaneously thus further reducing the 

environmental impact. These options are also interesting when the 

secondary system is required only at the emission side or at production side 

of the system. The flexibility in choosing the share of GEOTABS allows 

the designer to find an appropriate design for a specific project. For 

instance, hypothetically in a specific project the designer might conclude 

that the required investment cost for a full GEOTABS scenario exceeds 

the available resources. Consequently, a lower investment cost scenario 

with higher operational costs might be preferred even though this results 

in higher total costs for the total operation period. Moreover, if the building 

design cannot be optimized for GEOTABS, hybridGEOTABS scenarios are 

viable solutions. Part of the demand can be covered by GEOTABS, and 

the environmental indicators are enhanced substantially. This was the main 

motivation for reporting Pareto optimal solutions in this paper over simply 

choosing the cheapest design. However, for the cases with a relatively good 

building design, e.g., low insulation in warm climate and high insulation in 

cold climate, the cheapest design corresponds to a full coverage of the 

demand by GEOTABS.  

Focusing on the complexity of the GEOTABS design, the study assumed 

relatively cheap conventional systems such as FCU, a gas boiler, and a 

chiller for the secondary systems and for the non-GEOTABS scenario. 

Other options for secondary production unit and emission system can be 

used in the analysis as far as they are fast and can produce and deliver 

required building demand with a negligible delay in the building. Variations 

in the detailed design of the system were not addressed. For example, using 

the AHU as a convection-based emission system is a common solution for 

the secondary emission system in hybridGEOTABS.  

We showed that GEOTABS can be financially feasible even when 

compared to a cheap conventional system (the non-GEOTABS scenario) 

provided that the building and system are optimally designed and 

controlled. Thus, we can safely extrapolate the result to the more expensive 

alternative non-GEOTABS HVAC systems and conclude that GEOTABS 

is a financially competitive HVAC system which can achieve remarkable 

carbon dioxide emission savings with current electricity production 

conditions.  
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The possibility of passive cooling for Madrid was not investigated in this 

research. Passive cooling can be exploited even in warm climates for a 

limited period of the cooling season, depending on the ground temperature. 

However, this requires more detailed dynamic simulations than was 

performed in this study. In the passive cooling scenarios investigated the 

pumping energy was incorporated by simply reducing the system COP. 

However, when the water temperature is not low enough, the control 

system must circulate the water for a longer time. Thus, the pumping 

energy might increase, and the overall efficiency might decrease. Not 

modeling the distribution system is a limitation of the current study which 

focuses on the early design stages. Furthermore, the heat pump COP is 

considered constant. Including a time or temperature dependent COP 

necessitates a more detailed heat pump model and changes the optimization 

into an NLP. The added value is greater accuracy in the calculated heat 

pump electricity consumption and an investigation of the case study 

specific potential of passive cooling. 

The complex sensitivity of the results to the electricity price demonstrated 

the importance of integrating the technological and economic aspects in the 

early-design stage analysis. It was observed that the same economic change 

can affect the outcomes differently depending on the case study. An 

increase in the energy price might improve the financial feasibility of 

hybridGEOTABS in one case and show financial infeasibility in another 

case. It was observed that purely cost-wise (without accounting for the cost 

of CO2 emissions) for low insulated buildings in Brussels and Warsaw with 

energy prices assumed in this work, hybridGEOTABS can hardly be 

cheaper than conventional systems and it cannot be competitive if the 

electricity to gas price ratio increases. However, it can be concluded that 

no matter which climate or insulation level is chosen, the carbon dioxide 

emission saving with GEOTABS is always substantial.  

4.7 Conclusion 

In this Chapter an integrated design procedure was developed to find the 

optimal design of hybridGEOTABS systems. The OLSA produces the 

optimal load split while deploying the load shifting feature of TABS and 

the related peak shaving effect. The design procedure accounts for the 

short-, medium-, and long-term dynamics of the borefield thermal loads. 

Only the optimal design solutions (located on the Pareto front) are studied 
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through a smart brute-force search algorithm, which investigates the 

secondary system size for each given GSHP size.  

The algorithm was demonstrated on nine case studies in three different 

climates within Europe. A cost-benefit analysis (CBA) was performed using 

net present cost (NPC), based on estimated operational costs and 

investment costs, and using CO2 emissions over a 25-year horizon assuming 

a 2% annual discount factor. It was observed that hybridGEOTABS can 

increase the investment costs by up to 238% and save up to 76% on 

operational costs (not including the cost for CO2 emissions) depending on 

the building design in each climate. For five out of the nine case studies 

the savings in the operational costs overcome the increase in the investment 

costs and therefore a net financial benefit is obtained. In these cases, net 

savings between 2% to 19% were observed using current electricity prices. 

Additionally, the potential carbon dioxide emission saving was substantial, 

ranging between 50% and 85%. Importantly, this high CO2-emission saving 

was observed in all case studies regardless of the insulation level and 

climate.  

Based on the results of the 9 case studies in this chapter, an estimate of 

optimal component sizes is feasible without running simulations during the 

early-design stage. The power of the primary production unit designed can 

be 60% of the maximum dynamic heating load and 50% of the maximum 

dynamic cooling load. These low numbers are possible due to the high 

thermal inertia of TABS. Deriving a common trend for the borefield size 

throughout the cases was more complex. It was observed that the borefield 

could tackle the thermal imbalance between heating and cooling loads to 

some extent. However, if the borefield was specifically designed to cope 

with relatively high annual imbalance of the building thermal loads, the 

financial viability of the design was threatened. We could not determine 

the specific point where the imbalance becomes problematic.  

If the electricity-to-gas-price ratio increases, GEOTABS can easily lose its 

advantage in saving costs by comparison to gas boilers in heating-

dominated case studies. Conversely, if the price of electricity drops, the 

operational costs will decrease but the saving with GEOTABS cannot 

compensate the associated increase in the investment costs even in cooling-

dominated case studies. Thus, lower prices for energy can result in lower 

financial benefits for GEOTABS in any scenario. On the contrary, 

concurrent increase in electricity and gas prices can increase the financial 

incentives for GEOTABS. 
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The interaction between financial feasibility, CO2-emission, insulation level 

and electricity price was complicated and difficult to generalize. With 

current energy prices GEOTABS can be 19% cheaper or 31% more 

expensive than a non-GEOTABS design depending on the insulation level 

and climate. Thus, the financial viability of GEOTABS cannot be extended 

to every building and the need for a comprehensive case-specific predesign 

was vividly demonstrated. 

The CBA outcomes give interesting feedback to the building design to 

investigate the impact of counterbalancing financial and environmental 

aspects thereby designing the building iteratively. If the building design 

cannot be altered, hybridGEOTABS scenarios, where only part of the 

demand is provided by GEOTABS, can be pursued. hybridGEOTABS 

scenarios can effectively improve the environmental indicators in a trade-

off between the investment cost and CO2 emissions.  
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5.1 Introduction 

The outcomes of TEA in Chapter 4 vividly showed the importance of 

integrating architectural and HVAC design. It was observed that 

hybridGEOTABS can be financially beneficial in the three investigated 

climates (Madrid, Warsaw, Brussels) depending on the insulation level. 

However, the TEA deploys multiple tools and requires programming 

activity.  The methodology explained in Chapter 4 relies on numerous 

simulations for the different design scenarios in the borefield and building 

level for each case study. After all, it was concluded from the outcomes of 

Chapter 4 that the financially cheapest design cannot directly represent the 

optimal design. The best design is created by manually analyzing the 

results. In this chapter an automated method is developed that provides a 

near-optimal design of hybridGEOTABS using post-processing of the 

OLSA and using simplified assumptions based on the lessons learned from 

Chapter 4. The methodology is sufficiently fast and is automated to be 

applied to thousands of case studies. By applying this method, a pre-

engineering database is provided for designers by which they can derive 

near-optimum design of hybridGEOTABS with limited inputs such as 
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insulation level, conditioned area, and window-to-wall ratio of the building 

as high level building parameters. The methodology is applied on a 

database of merely 140,000 case studies including four building typologies 

(offices, schools, elderly homes, and multifamily residential buildings) with 

a variety of physical and geometrical parameters. The database of the 

building energy simulations results is a property of hybridGEOTABS 

project and is not freely accessible. However, the methodology for creating 

the database has been documented in [96] and summarized in Annex E. 

First, the necessity of the post-processing step is elaborated in Section 5.2. 

The post-processing steps used for sizing the GSHP and borefield are 

discussed and verified in Section 5.3. The procedure for performance 

estimation, including the annual energy use and CO2 emissions estimation, 

are explained in Section 5.4. As a verification step, the procedure is applied 

to the nine case studies previously used and explained in Chapter 3, and 

the results are compared (in Section 5.5) to those provided by a previously 

verified optimal sizing algorithm which is more detailed, but more 

calculation-intensive.  

5.2 Necessity of post-processing 

From the physics point of view, the high thermal storage capacity and high 

thermal inertia of TABS provide flexibility on when the TABS is charged 

by the GSHP. This also results in a time shift between charging of the 

TABS and releasing the heat to the building zones, which allows to spread 

the charging over a longer period of time and thus shave the peak powers 

of the GSHP.  Such feature can lead to downsizing the heat pump as 

observed in Section 4.5.5.1. As previously shown in Figure 3-5, the primary 

system power is constrained to a maximum, and the maximum is often 

reached for short periods of time. This behavior, which almost reminds of 

an on/off behavior between very high and low powers, is observed 

throughout the year and for all the cases. The behavior is mathematically 

explainable with the linearity in the cost function and the system dynamics, 

which result in a convex problem when the optimum values for the control 

signals are found on the border of feasible region [64, Section 6.3]. As such, 

OLSA cannot directly yield the optimal sizing (or equally downsizing) since 

whatever is chosen as the power constraint will appear as the maximum 

required power for the primary system. Remember that in Chapter 4 this 

feature of OLSA was employed to find the optimal sizing of the primary 

system. In that case, an exhaustive search method was used by applying 
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OLSA to a wide range of maximum power constraints. Alternatively, an 

optimization algorithm that includes the HVAC investment cost in the cost 

function could automatically address the problem, as it would give the 

algorithm incentives to start charging sooner and reduce the primary 

system peak load. However, incorporating this element into the 

optimization technique would make it a non-linear problem with a longer 

calculation time, rendering it inapplicable to of the complete set of the case 

studies in the database. Therefore, prevention of the oversizing of the 

primary system production unit is included to the component sizing by 

post-processing the OLSA outcomes. Remark that for the secondary system 

none of the aforementioned issues appear because it is fairly assumed that 

there is no significant delay between the heat injected to the emission 

system and the heat received by the room, leaving no flexibility to the 

algorithm about when the heat is injected.  

Sourbron [105] carried out a frequency analysis revealing an important 

feature of TABS system from the control perspective. The author showed 

that the system reaction to the control signals with high frequencies is 

relatively small. This was also confirmed in this book in Section 3.6 via 

FFT analysis of the primary system power time series. Figure 5-1 visualizes 

the results of an experiment conducted by Sourbron. The author injected 

heat to the TABS (named admittance) and measured the heat transferred 

to the zone (transmittance) and the difference between them (stored energy 

in the TABS). He concluded that the controller should instead control the 

TABS with low frequency signals. That is, fast changes (lower than almost 

12 hours periodicity) of the heat injected to the TABS are scarcely captured 

by the room after the injection. Sourbron accordingly proposed that 

changing from heating to cooling mode should not happen in the same day 

because TABS needs time to exit from the previous mode and rest in a 

neutral mode in between. He, however, assumed a constant temperature on 

the room side to provide an analytic solution for the conductive heat 

transfer in the concrete of TABS, while the heat demand and room 

temperature vary over time and affect the heat transfer rate.  

FFT of the building heating and cooling demands (in Section 3.6) showed 

that the most dominant periodicity of the building demand is 24 hours, 

which corresponds to the daily cycle of the weather conditions and of 

occupant behavior. Thus, TABS can charge and discharge efficiently on a 

daily basis to meet the predominant frequencies in heating and cooling 

demand. The question is how efficient and to what extent TABS can cover 

loads with higher frequencies. Sourbron did not provide an analytic solution 
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for the periodicities and magnitudes of thermal loads that can be efficiently 

covered by the TABS on a daily basis. That was entrusted on a case-by-

case dynamic simulation, which is why the OLSA was developed. Although 

OLSA avoids inefficient charging and discharging of TABS to provide 

optimal energy use, it does not include an incentive to avoid high peaks on 

the production side and thus cannot directly provide an optimal sizing. 

From the experiment that Sourbron carried out, it can be concluded that 

the time series of the primary system derived by the OLSA can be 

smoothed to avoid high frequency peaks for the primary system without a 

change in the power of TABS on the room side. As such, a downsizing of 

the primary system may be achieved without a remarkable change in the 

optimal load split derived by the OLSA in the room side. To this aim, a 

post-processing step for the OLSA results was created and verified as 

explained in the next sections. 

 

Figure 5-1 Admittance, transmittance and stored energy in TABS versus time 

[105] 

5.3 Post-processing methodology  

In this section, a central moving average is used as a filter for smoothing 

the primary system power time series. This section answers two questions: 

1) what is the best periodicity for the moving average (for smoothing) the 

primary system power time series, and 2) what is the influence of the 

smoothing on thermal comfort, optimal load split and sizing. As there was 

no way to analytically guarantee thermal comfort after smoothing, the 

smoothed signal must be tested for each case study using an extra 

simulation. The smoothed signal is used as the input to the same state-

space model derived from the RC model (Chapter 2) as used in the OLSA 

for each case study and the secondary system power time series are 



Components Sizing and Performance Estimation  165 

recalculated to maintain the thermal comfort; In this simulation the 

optimization algorithm of the OLSA is not used, which keeps the 

calculation time to a fraction of a second. Naturally, if the smoothing has 

no significant effect on the room temperature, the recalculated secondary 

system power time series will remain the same as the original signal. 

Alternatively, if the smoothed signal cannot provide thermal comfort, the 

secondary system share increases to provide the thermal comfort. 

Subsequently, the part of the demand that was originally compensated by 

the primary system with high frequency signals (and high peaks) is taken 

over by the secondary system. This change is investigated for the nine case 

studies (introduced in Section 3.4) and is reported below (in Section 5.3.1). 

If in a particular case the change is significant, the optimal load split will 

be adversely affected by the post-processing and the post-processing should 

not be performed for that particular case because the original optimal load 

split should not be lost by the post-processing. In Section 5.3.1, a practical 

method is used to find the best smoothing periodicity. As such, a number 

of different intervals for smoothing are applied and the best option is 

chosen. 

5.3.1 The influence of smoothing on the sizing and 

optimal load split 

A procedure is explained in this section that facilitates the comparison 

between the primary system time series before and after smoothing and 

accordingly reveals the influence of smoothing on the primary and 

secondary systems annual energy use and maximum loads. The comparison 

is carried out for different moving average periodicities (the periodicities 

are 2, 6, 12, 24, 48, 120, and 168 hours, as shown in Figure 5-2).  
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Figure 5-2 Deviation between maximum loads with and without moving average in 

heating and cooling modes for the primary and secondary systems (deviation in % 

is the difference between maximum loads of the original signal (AVG1) and 

smoothed signals (AVG2, AVG6,…, AVG168) divided by the maximum loads of the 

original signal (AVG1) to be normalized. 

The deviation D (vertical axis) is calculated as the normalized difference 

between the maximum load of the primary and the secondary system with 

and without moving average in the two modes (heating and cooling). 

Normalization is made to allow an easier comparison between different 

cases which have different thermal loads. The normalized deviation for 

maximum power is calculated using Equation 5-1: 
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D viation =  
Max(Q̇AVGi )−Max(Q̇AVG1)

Max(Q̇ideal)

i ∈ {2, 6, 12, 24, 48, 120, 168} 

Equation 5-1 

Where �̇� is the time series of power which is separately considered for the 

heating (Figure 5-2, a and b) and cooling modes (Figure 5-2, c and d) for 

the primary (Figure 5-2, a and c) and the secondary systems (Figure 5-2, 

b and d). AVG1 is the time series without moving average and 𝐴𝑉𝐺𝑖 is the 

time series with moving average with listed periodicities of i (hour) in 

Equation 5-1.  

The comparison shows that the smoothing is very effective (over 60% 

reduction) to find a more realistic maximum primary system power in 

heating and cooling mode and the slope of lines are steeper  below AVG24 

(Figure 5-2, a and c). A steady behavior of the lines after AVG24 shows 

that moving average with lower frequencies (periodicities higher than 24 

hours) might not have a high influence on the primary system sizing. As 

seen in Figure 5-2b, except in case MadridC, no deviation is observed 

between the maximum power of the original signal and the recalculated 

signal for the secondary system for the periodicities below 24 hours. In 

cooling mode, Figure 5-2c, below 48 hours moving average, there is no 

difference between the original maximum and the recalculated one. This 

could be due to the essence of the cooling loads which have inherently high 

fluctuations and the OLSA has already chosen the secondary system to 

cover these fluctuations, and thus the smoothing is not affecting the 

secondary system maximum power in cooling mode. Only after AVG48 an 

increase in the secondary system maximum power is observed with a 

relatively intense slope.  

To summarize, a 24-hour moving average can smooth out the primary 

system time series effectively to find a realistic design size and safely with 

regard to the secondary system size, because the secondary system size is 

not substantially affected by the moving average.  

The investigation of the smoothing effect on the results is continued by a 

comparison between optimal load split with and without smoothing (Figure 

5-3). The optimal load split is important in the design as it defines the 

energy costs and the CO2 emissions as demonstrated in Chapter 4. The 

OLSA finds the optimal load split which must not be significantly 

influenced by the post-processing procedure. Hence the deviation between 

optimal load split before and after smoothing is calculated and reported. 
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The deviation is calculated as the difference between the annual load in 

heating and cooling modes for the primary and the secondary systems with 

and without smoothing. To normalize the deviation and facilitate the 

comparison, the deviation is divided by the annual load without smoothing.  

D viation =  
𝑄𝐴𝑉𝐺𝑖−Q𝐴𝑉𝐺1

𝑄𝐴𝑉𝐺1
   i ∈ {2, 6, 12, 24, 48, 120, 168} Equation 5-2 

where Q is the annual load (kWh/year/m2) for the primary and secondary 

systems in heating or cooling modes. Deviation is calculated for the two 

systems in the two modes for different periodicities as listed in i  (Figure 

5-3). The difference in the scale of the graphs should be noted. The scale is 

deliberately different to facilitate observation of the behavior of the graphs. 

At the first glance, the values appear to be insignificant, implying that the 

post-processing has a negligible influence on the optimal load split. Figure 

5-3 shows that the moving average with less than 24 hours periodicity has 

negligible effect on the energy use of the secondary system. For the primary 

system, the percentage of the deviations is always lower than 8%. For the 

secondary system in cooling mode negligible effect is seen even with the 48-

hour moving average. The three cases with C labels show the highest 

deviation. Given the characteristics of these cases, these are the least 

appropriate cases for the GEOTABS concept. They are poorly insulated 

with high heat gains. Yet, a substantial share of their thermal loads could 

be efficiently compensated by TABS even with the smoothed signal. It is 

observed that the 24 hours moving average is safe in terms of load split 

and sizing of the components. It was observed that higher periodicities than 

24 hours did not result in much difference in sizing while they are not safe 

in terms of optimal load split because they might significantly shift the 

load towards the secondary system.  
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Figure 5-3 Normalized deviation of thermal loads the primary and 

secondary systems between scenarios with and without moving average in 

heating and cooling modes for all the case studies. 

5.3.2 From load splitting to sizing: borefield thermal 

balance 

It was previously shown for the nine case studies that the TABS covers a 

major part of the heating and cooling loads. The results are interpreted as 

the maximum share of TABS, but not necessarily the maximum share of 

GEOTABS, as it is possible that the geothermal source cannot sufficiently 
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fulfill the heating and cooling demands of the building in a sustainable way. 

The behavior of the geothermal source depends not only on the heat 

exchange with the building via the TABS, but also on many other design 

parameters, such as the thermal conductivity and properties of the 

underground, the available area and depth to found the borefield, the 

presence of other geothermal systems nearby and the availability of energy 

sources to regenerate the thermal balance of the underground. In a more 

detailed and case-specific design, the designer can play with these 

parameters to allow for a sustainable design of the geothermal system, 

taking into account the environmental, energy and financial indicators of 

the designed system. However, the thermal imbalance between heating and 

cooling annual loads was reported (Section 4.5.5.2) as a key parameter to 

be considered from the beginning of the design. 

It was observed in Section 4.5.5.2 that the annual imbalance between 

heating and cooling in the borefield will adversely affect the financial 

feasibility of GEOTABS. It was also explained that when there is a severe 

imbalance between the heat injected and extracted in the borefield on a 

yearly basis, the temperatures in the borefield could increase or decrease 

year after year leading to a decreased efficiency and/or total depletion of 

the borefield. Also, there are limitations to the temperatures in the borefield 

for environmental and technical reasons (e.g. the ground should not freeze). 

To mitigate the undesirable impacts of the imbalance, the borefield total 

length is increased, but this will raise the investment costs. As this study 

focuses on the early-stage design methods, that are used at a point that the 

case-specific circumstances of the borefield design are not yet available, a 

‘safe’ or ‘conservative’ solution for the geothermal system is adopted, where 

the geothermal balance is maintained.  

The ASHRAE HVAC handbook (Section 35.15) [140] proposes that 

cooling-dominated buildings can achieve acceptable annual thermal balance 

when the geothermal heat pump operates 1.6 to 1.8 hours in heating mode 

for every hour in cooling mode, which roughly means that heating can be 

maximum around 60% of the total annual load. By that, in cooling 

dominated buildings, part of the cooling loads that is not respecting this 

rules-of-thumb should be covered by a secondary system.  

In this book, the annual thermal balance of the geothermal borefield 

imposed on the hybridGEOTABS design is such that the annual heating 

load of the borefield cannot be higher than 60% or lower than 40% of the 

total load of the borefield. This assumption is hereinafter called the “40-60 
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rule” and will be used in the final post-processing step of the component 

sizing. This rule relaxes the ASHRAE rules-of-thumb and allows an 

imbalance for the cooling side in which the heating can be between 40% to 

60% of the total annual load, likewise the cooling load. This assumption is 

supported by the observations in Figure 4-12 (see to Section 4.5.5.2). As a 

consequence of this assumption, the part of the building load that creates 

the imbalance is taken over by the secondary system in the post processing. 

Then, the borefield is sized to cover only the balanced part of the load.  

It was previously discussed in Section 4.5.5.2 that the short-term (6-hours) 

peak is the dominant term influencing the borefield total length in case the 

thermal balance is maintained. To estimate the total borefield length, first 

the borefield balance is maintained by the 40-60 rule.  The peak load of the 

building in heating and cooling modes after smoothing of the OLSA 

outcomes as discussed in section 5.3.1 are used to estimate the total 

borefield length in heating and cooling. The borefield is assumed to have 

an average of 30 W/m power according to VDI 4640  [143] and as observed 

in Figure 4-12. This methodology is commonly used in large scale 

evaluations of the geothermal systems when simplifications are inevitable 

and when dynamic simulations are not accessible such as in [38, 167]. 

However, Lee et al. [177] previously reported the high sensitivity of the 

borefield average power to the thermal conductivity, borefield 

configuration, thermal imbalance, etc., for use in the early-design stage. 

According to their observations, the borefield average power can be 

between 20 and 100 W/m. As such, this study provides an estimate of the 

borefield length in the early design to compare possible design options, 

while emphasizing the importance of a subsequent more detailed design of 

the borefield as the most expensive part of the system.  

5.3.3 Wrap-up of the sizing steps  

In summary, the step-by-step procedure for sizing the key components of 

hybridGEOTABS is as follows: 

1- Load duration curves of the primary and the secondary systems 

are generated from the outcomes of the OLSA tool. Note that the 

primary system time series after smoothing (explained in Section 

5.3.1) and the secondary system time series after recalculating  are 

used (explained in Section 5.3.1).  

2- The maximum power of the primary and the secondary system in 

heating and cooling are considered as the initial guesses for sizing. 
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Note that to choose the maximum primary system in heating and 

cooling the first 24 maxima are eliminated (first 24 hours in the 

load duration curve) because the curve might be too steep in that 

region and the primary system size should not be based on the 

maximum demand that happens scarcely. This is not shown in 

Figure 5-4 to keep the figure less occupied.  

3- The primary system loads are converted to the borefield load 

considering the COPs. Constant COPs are assumed for heating 

and cooling separately, namely: for heating COPh=6, for active 

cooling COPc=5, and for passive cooling COPc=20. In the central 

and northern European climates, which are represented in this 

document as Brussels and Warsaw, only passive cooling is used. 

Note that in passive cooling the heat pump is not used but the 

COP is calculated considering the electricity use of the circulation 

pumps only.  

4- If the borefield thermal balance is maintained (according to the 

’40-60 rule’, as introduced in Section 5.3.2) the initial guess is 

reported as the final sizing. If not, the share of GEOTABS is 

decreased so that the balance is maintained, and the secondary 

system compensates the decreased part instead of GEOTABS. In 

this case the sizing has to be continued to resize the systems 

according to the new share for the primary and the secondary 

systems. The resizing happens as follows: 

a. The heat pump size, after maintaining the balance, is equal 

to the smaller maximum power in cooling and heating 

modes.  

b. If the chosen heat pump power is smaller than the 

maximum primary system load in one mode, the secondary 

system size in that mode is increased in order to 

compensate. 

5- In both heating and cooling modes, the secondary system size is 

increased as much as the primary system size was decreased in the 

previous step.  

6- The size of the geothermal borefield is approximated with the heat 

pump size (peak load) in southern European climate. While, in the 

central and northern European climate the borefield is sized with 

maximum cooling load to be able to use passive cooling. The 

borefield length is approximated with the conservative assumption 

of 30 W/m for the borefield. 
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The steps are illustrated by a hypothetical and simplified example as shown 

in Figure 5-4.  

 

Figure 5-4  Steps to go from load duration curves to the final sizing of the key 

components. 

All the aforementioned steps are translated to an algorithm and accordingly 

to a Python code to be applied on all the cases of the heating and cooling 

load database and to calculate the size of the key components 

automatically. The algorithm is shown in Figure 5-5.  

 

Figure 5-5 The algorithm for final sizing of the hybridGEOTABS components. 
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5.4 Performance estimation 

The annual heating and cooling loads for the primary and secondary 

systems are used to calculate the final energy use of the building (using the 

efficiencies in Table 5-1 and Table 5-2. The estimations of the 

environmental impacts and primary energy use are not the focus of this 

book. Nevertheless, these indicators are reported besides the sizing 

indicators to give insight to the designer. The results illustrate how these 

indicators are related to the building parameters and how to improve the 

building design in terms of energy performance. As such, the discussion 

about the COP values and the CO2 emission conversion factor is not 

expanded here. On the other hand, the COP values might influence the 

optimal load split. A sensitivity analysis is documented in [103] that shows 

that the optimal load split by the OLSA (as the first step of this sizing 

methodology) is not significantly affected by the COP and efficiencies of 

the production units. 

Table 5-1 Production efficiencies for the different systems. 

Type of production unit Efficiencies 

COPc 5 

COPh 6 

Gas boiler (secondary heat production) 0.95 

COP Chiller (Secondary cold 

production) 
3 

COP Passive cooling (Cold production) 20 

 

Table 5-2 Primary energy and CO2 emission conversion factors. 

 PE Total (-) 
CO2 emissions factor 

(g/kWh) 

Natural Gas 

Electricity EU 

2020 

1.1 [168] 

2.0 [129] 

220 [168] 

260 [129] 

5.5 Design procedure verification  

The outcomes of the final sizing algorithm are compared to the outcomes 

of the more detailed (but more calculation-intensive) control-integrated 
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design algorithm as developed and elaborated in [101], for selected case-

study buildings. In [101], a more detailed algorithm was applied to the same 

nine case studies as previously discussed in Chapter 3 and in section 5.3.1. 

The detailed-design methodology [101], could find the financial optimal 

design for five out of the nine case studies which proves the existing 

difficulties in the computationally expensive methodologies. The outcomes 

of the design procedure developed in this chapter for those five case studies 

are compared with the outcomes reported by the detailed design procedure 

explained by Sharifi et al. in [101]. In the detailed design methodology, for 

each case study the key component sizing and energy performance were 

estimated assuming the use of rule-based control (RBC) and model 

predictive control (MPC). The five case-study buildings are MadridA, 

MadridB, BrusselsA, BrusselsB, and WarasawB as introduced in Section 

3.4.  

Figure 5-6, the sizing of the heat pump (HP), the boiler (assumed as the 

secondary system for heating) and chiller (assumed as the secondary system 

for cooling) as results of the detailed algorithm with RBC and with MPC. 

Furthermore, it shows the sizing results of the final sizing algorithm 

presented in this chapter, including the OLSA with and without applying 

the borefield balance assumption (as introduced in section 5.3.1), 

respectively called OLSA-Imbalanced and OLSA-Balanced. �̇�design 

represents the maximum steady state thermal load of the building for 

heating and cooling, which is an indicator typically used in traditional 

HVAC design procedures. It is estimated according to the calculation 

method documented in Annex D. 

These results allow to make a ‘sanity check’ of the newly developed load 

splitting and sizing algorithm, as well as to investigate how the thermal 

balance assumption affects the sizing outcomes. 

Observing the results in Figure 5-6, first of all a remarkable difference 

between the �̇�design and the components sizing with all the variant 

approaches is observed, showing an overestimation of the required 

component sizing by the steady state calculation method. The heat pump 

size with OLSA-ImBalanced is found to be close to the MPC scenario for 

the cases in Brussels and Warsaw, and closer to the RBC scenario for the 

two cases in Madrid. However, the sizing based on the OLSA typically 

leads to a larger sizing of the secondary systems in comparison to MPC 

and RBC scenarios, especially for the secondary system in cooling.  Note 

that in the detailed control-integrated design method with RBC and with 
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MPC, thermal comfort bounds are considered 21-25 °C. However, in the 

early-stage design with OLSA, the thermal comfort bound is considered 22-

24 °C. This will lead to a more conservative (larger) sizing and will mainly 

influence the secondary system size because TABS is not used to keep the 

zone temperature at the borders of thermal comfort bound but within an 

intended range. The difference in the thermal comfort range stems from 

the difference in the two algorithms (OLSA and the detailed design 

procedure) in the implementation of the thermal comfort constraints. The 

detailed procedure allows an overshooting of the thermal comfort 

constraints and the discomfort is reported. In a post-processing step, the 

discomfort is evaluated and the design that has inacceptable discomfort 

level, is eliminated from the list of the optimal design candidates. Refer to 

[101] for further discussion on the detailed optimal design methodology. 

This difference can explain the overestimation of the secondary system with 

the OLSA.  

Comparison between the balanced and imbalanced scenarios shows that by 

applying the borefield balance assumption, in which parts of the load are 

shifted to the secondary system, its size also increases. The detailed MPC 

and RBC design procedures estimate the borefield temperature for a long-

term projection (20 years) and finally exclude the borefield design with 

high overshooting from the borefield temperature limitations. AS such, the 

thermal balance in the detailed design is introduced according to the 

borefield temperature. That is, as far as the borefield temperature remains 

within the constraints, the thermal balance in the borefield is maintained. 

 

Figure 5-6 Component sizing comparison between MPC and RBC scenarios,  and 

OLSA with and without applying the balancing assumption . 



Components Sizing and Performance Estimation  177 

Figure 5-7 visualizes the annual load splitting into GEOTABS and 

secondary systems for heating and cooling, for the different methods and 

cases. The load splitting obtained by the OLSA, allowing thermal 

imbalance of the borefield, is most similar to the outcomes of the detailed 

methodology with MPC, which confirms the good performance of the 

OLSA.  

The RBC, MPC and the imbalanced OLSA lead to high shares of 

GEOTABS in the load splitting. The significant influence of the borefield 

balance assumption is clear when comparing the OLSA-Imbalanced and 

OLSA-Balanced results. For example, cases BrusselsB and MadridB have 

very high cooling loads and very small heating loads, resulting in a very 

low share for the primary system when the borefield thermal balance 

assumption is applied, which also explains the increased sizes of the 

secondary cooling system. These cases have a very high insulation level 

(passive house) and high internal heat gains. Especially in a warmer climate 

like Madrid, this combination is problematic. Such building design should 

be avoided (and of course is avoided by the designers in reality), but its 

investigation is of interest to test the proposed sizing methodology. It was 

demonstrated in chapter 4 that the building design significantly influences 

the cost parity of GEOTABS and conventional systems. The detailed RBC 

and MPC sizing algorithm, however, do not compare hybridGEOTABS 

scenario with non-GEOTABS scenario. They seek for the best GEOTABS 

design to provide comfort in the provided case study buildings. However, 

low shares of GEOTABS proposed by the developed methodology in this 

chapter guide the designer towards a better design. As such, the proposed 

methodology does not only produce the outcomes for HVAC sizing, but 

also indicates the ways to an improved building design. This indeed was 

phrased as an integrated design methodology. 

OLSA proposes a relatively significant secondary system size even for cases 

where the share of the secondary system is insignificant. This is due to the 

fact that low heating demand does not imply that no heating system is 

required. OLSA proposed the secondary system even if it is required for 

limited hours in a year. The designer is urged to investigate the drawback 

of opting for a full GEOTABS scenario in a detailed design stage.  Load 

duration curves of heating and cooling loads of the primary and the 

secondary system are useful to make the decision (load duration curves of 

these cases were documented in Section 3.4).  
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Figure 5-7 Annual load split with different methodologies, MPC and RBC,  OLSA 

with and without applying the balancing assumption 

The balancing effect is also observed when observing the borefield length 

estimations in Figure 5-8, showing a decrease in borefield length for the 

OLSA-Balanced scenarios, as they have lower shares of GEOTABS. It is 

observed that the borefield size under OLSA-Imbalanced scenario is close 

or higher than MPC and RBC scenarios except for BrusselsA. 

 

Figure 5-8 comparison of the borefield length with different approaches, MPC, 

RBC, OLSA-Balanced, and OLSA-Imbalanced 

Based on the comparison, it can be carefully concluded that the fast sizing 

method based on the OLSA is capable of achieving sizing and load splitting 
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acceptably close to the more detailed control-integrated design method, 

erring on the “safe side”. Its results are most similar to those of the detailed 

method with MPC, which is to be expected given that the OLSA also uses 

a the prediction of the building thermal loads and a near-optimal control 

of the power of TABS and the secondary system (discussed in section 3.6). 

5.6 Discussions 

Comparison between sizing proposed by the methodology in this chapter 

and the traditional steady state sizing shows a remarkable potential in 

downsizing the components using the proposed algorithm. As discussed in 

detail in Section 4.5.5, the downsizing is attributed to the peak shaving 

effect of the TABS which was included in the OLSA. As a result, the 

proposed computationally efficient sizing and performance estimation 

procedure incorporates the dynamic behavior of the TABS and the building 

to provide near-optimal sizing of the components. Simultaneously, the 

algorithm generally remains on the safe side compared to a detailed design 

procedure.  

Oversizing of the secondary system was observed as the general 

consequence of the proposed methodology. This can be attributed to the 

limitation of the OLSA which does not allow any thermal discomfort. It 

was previously discussed in Section 3.3.2.3 that the OLSA assumes the 

thermal comfort bounds as hard constraints. As such, even if the secondary 

system is needed only for some hours, it appears in the sizing outcomes.  

The assumed COP values for the performance estimation are in fact an 

estimation of the average COP values which can highly differ case by case. 

The COP value has minor impact on the optimal split of the thermal loads 

between the TABS and the secondary system. This minor effect has been 

discussed in detail in [103]. However, the COP value can remarkably 

influence the CO2 emission. Additionally, electricity to CO2 conversion 

factors can substantially differ and therefore the final outcome of the CO2 

estimation procedure is extremely sensitive. Thus, it must be noted to the 

designers that these values are rough estimations that can guide the 

designer towards a better design. The exact values, however, must be 

recalculated with case specific values as concluded in Chapter 4. 

Regarding the borefield balancing, it is noted that the load splitting as 

obtained by the more detailed design methods with RBC and MPC, which 
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include a constraint on the borefield thermal balance, are most closely 

approached by the OLSA-Imbalanced results. This indicates that the 

borefield balancing assumption (40-60) leads to a conservative estimation 

of the sizing and performance. In this regard, the outcomes of the pre-

design methodology can be understood as ‘cautious’ results, which is fit in 

this early stage of the design where the HVAC-designer rather wants to be 

on the safe side, and may not be aware yet of the limitations of the 

geothermal borefield. From this point of view, the balanced results can be 

understood as a ‘minimum’ possible share of GEOTABS. At the same time, 

it confirms the usefulness of the imbalanced outcomes of the load splitting 

algorithm, that represent the further optimization potential of the design 

after a dedicated study of the geothermal borefield design, possibly 

including borefield regeneration solutions.  

5.7 Conclusions 

The result from Chapter 4 indicated the significant impact of the building 

design on the hybridGEOTABS design. The methodology itself, however, 

requires programming experiences, a variety of tools, and numerous 

simulations. These all make the methodology less interesting for HVAC 

designers at the early-stage design. Thus, the provision of a database that 

contains optimal design of hybridGEOTABS for thousands of case studies 

was outlined. The database provides pre-engineered results which only 

require high level building parameters such as insulation level, glazing area, 

and occupancy that are available at the early-stage design. Providing the 

database required a fast and automated methodology that derives near-

optimal sizing of hybridGEOTABS. 

In this chapter, the steps and assumptions which are needed to derive the 

final sizing and performance estimation of hybridGEOTABS buildings from 

the OLSA results were elaborated. First, it was explained that the OLSA 

cannot directly find the optimal sizing of the primary system production 

unit. However, optimal design could be obtained by post-processing the 

OLSA results. It was explained that smoothing the time series of the 

primary system power derived by the OLSA can lead to a feasible 

maximum power required from the GSHP. The period of smoothing was 

found with a practical approach in which a variety of periodicities were 

tested and 24 hours moving average was found the most appropriate 

smoothing periodicity. It was observed that the smoothing with a 24 hours 

moving average can downsize the primary system up to 60% compared to 
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the maximum dynamic load of the building, depending on the case study. 

The smoothing has minor effect on the optimal energy use and the 

secondary system maximum power required. 

In a second post-processing step the thermal balance of the borefield was 

implemented based on the assumption that the heat injected to the 

borefield accounts for 40% to 60% of the total heat exchanged between the 

borefield and the building (“the 40-60 rule”). This assumption is based on 

the findings in Chapter 4 where the imbalance adversely affected the 

financial feasibility of GEOTABS. It was discussed how this conservative 

assumption can underestimate the maximum possible share of GEOTABS 

and thus its outcomes should be interpreted as the minimum possible share 

for GEOTABS.  

The algorithm was translated to a Python code and applied on five case 

studies out of the nine case studies previously introduced and investigated 

in Chapter 3. The results were compared with two scenarios: 1) the ones 

derived from a detailed optimal design procedure (which is time consuming 

and not applicable to all the case studies of the database), and 2) with 

building heating and cooling loads calculated with simplified methodologies 

which are currently used in early-design and bring a systematic oversizing. 

The comparison demonstrated a significant downsizing achieved by the 

proposed fast and efficient methodology in comparison to the simplified 

methods. However, in comparison to the detailed design methodology the 

proposed method brings a slight oversizing of the GSHP. The secondary 

system was also notably oversized with the proposed algorithm in 

comparison to the detailed design procedure.  

In general, it was concluded that the proposed framework provides 

trustable results while facilitating a remarkable downsizing during the 

early-stage design. The methodology was applied on merely 140,000 case 

studies for a database provided by the hybridGEOTABS project. the 

outcomes were used in a sizing and performance estimation webtool 

provided by the hybridGEOTABS project [196]. 
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6.1 Introduction 

In Chapter 5, an automated and computationally efficient sizing and 

performance estimation algorithm was developed and verified. The 

algorithm uses the outputs of the OLSA (Chapter 3) and incorporates the 

lessons learned from TEA (Chapter 4) in a post-processing step of all the 

simulation results of the OLSA. The algorithm was translated to a Python 

code and applied to 140,000 case studies of an available database of heating 

and cooling loads for buildings provided by Mahmoud et al. [97] 

(summarized in Annex E) including four typologies and a variety of 

building physical and geometrical parameters. The simulation results 

generated a rich database of the nearly-optimal designed hybridGEOTABS 

buildings. The data can be of interest in two ways 1) as pre-engineering 

results mainly for the HVAC designers, 2) as the basis for more intuitive 

design guidelines that allow for a quick check of the potential of different 
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design options during the early design stages. The pre-engineering results 

were made available via a webtool as mentioned in Chapter 5. This chapter 

focuses on a design tool that is useful mostly for architects when making 

essential building design decisions. 

This chapter first distinguishes between a design tool appropriate for 

HVAC designers and architects as elaborated in Section 6.2. Through the 

definition of informed decision making, it is explained that the architect 

should be informed about how to alter building design in order to improve 

energy performance. Section 6.3 briefly introduces data analysis as a broad 

concept used for understanding  meaningful information about the different 

impact of variables in a dataset. Besides, decision trees are derived from a 

dataset with data analysis techniques and introduced as an appropriate 

tool for informed decision making. The pre-engineering results for all case 

studies, provided by chapter 5, are used to produce early-stage design 

decision trees. First, an insightful excerpt of the most important results 

from Chapter 5 , such as the share of GEOTABS and the heat pump size, 

are presented in Section 6.4. Then, in Section 6.5, the data analysis 

methodology that is used in this chapter to derive the decision trees is 

explained. In Section 6.6, the decision trees derived from the data analysis 

are presented and explained through three case studies.  

6.2 Informed decision making with decision trees 

Petersen and Svendsen [173] explain the definition of informed decision 

making during the early-stage design process. The authors distinguish 

between a blind design alteration and informed decision making (see Figure 

6-1). They explain that, while using building simulation tools for 

performance prediction may provide information needed to determine 

whether the performance of a particular design proposal is desirable or not, 

it does not provide design advice in case the performance is found 

undesirable. The workflow therefore does not utilize the full potential of 

building simulation tools as some design decisions cannot be changed 

because the optimization potential in the detailed design stage is confined 

to the decisions made in the earlier design stages. On the other hand, a 

design tool can become an effective tool for optimizing the building design 

rather than just a powerful performance estimation tool. In that case, the 

design tool should inform the architect how to change the design to achieve 

better performance indicators. 
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Figure 6-1 Traditional performance-based design (left) and informed-decision 

design procedure (right) [173]. 

As explained above, although the webtool (available  from [196]) built upon 

the pre-engineering results, provided in Chapter 5, is an appropriate tool 

to consult the design of hybridGEOTABS for a given building design, it is 

less applicable for architects. As demonstrated in Chapter 4, an alteration 

in the building design can significantly influence the hybridGEOTABS 

design. Architects require a tool that guides them through the process of 

creating a better building design, which is not possible with the web tool 

because each design must be consulted with the web tool separately, 

resulting in a prohibitively time-consuming back-and-forth iteration in the 

design. As such, the webtool does not support an informed decision-making 

procedure for architects. Alternatively, a decision tree can give all the 

information at once. Looking at the options for a variety of the building 

parameters, the architect can consult the influence of each design 

parameter on the GEOTABS design. Also, HVAC engineers or building 

energy performance advisors can use such a decision tree to provide quick 

estimates of the hybridGEOTABS potential. A decision tree is thus an 

appropriate tool for making informed decisions during the early-stage 

design process. Using data analysis techniques, the decision tree combines 

the results of many different case studies and maps general trends across 

groups of cases. The individual result of a case specific design is not 

available anymore. Thus, a draw-back of decision tree is the loss of 

accuracy. However, considering the aim of the decision tree, the trade-off 
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between the improved applicability and the reduced accuracy is positive in 

this context. 

6.3 Data analysis 

In 1962, Tukey [183] proposed a new scientific discipline called “data 

analysis” that included statistical inference [182]. Data analysis is the 

systematic process of “inspecting, cleansing, transforming, and digesting” 

data in order to discover meaningful patterns in the data to draw scientific 

conclusions [181]. Data analysis is a broad concept with a variety of facets, 

methodologies, and applications. Exploratory data analysis (EDA) is the 

first step of every data analysis process [182]. EDA includes investigations 

on the data using statistical tests and indicators such as mean-value and 

distribution of the data. Histograms, boxplots, and violin plots are common 

tools to explore the general pattern in the data. In a next step, the exact 

mathematical relation between the parameters and variables is found using 

machine learning (ML) techniques. 

ML refers to a set of algorithms that is performed with a machine to 

translate a set of data to meaningful outcomes. These tools can be classified 

as supervised or unsupervised algorithms. Broadly speaking, supervised ML 

involves building a statistical model for predicting, or estimating outputs 

based on one or more inputs. Supervised ML is the preferred approach to 

create a statistical model when there is a set of observations associated 

with known inputs and outputs for a system. The model derived from 

supervised ML is then used to predict the outputs of the system for which 

the observations have been recorded. In unsupervised ML, however, a set 

of inputs with associated observations are available without a clear 

response of the system. Thus, the statistical model is analyzed to derive 

interesting conclusions from the observations without prescribing how the 

outcomes should look like [203]. 

As this chapter aims to derive the relation between hybridGEOTABS 

design parameters (as the inputs) and design indicators (as the outputs) 

using the data provided from mass simulation results, supervised ML is 

used for data analysis. Classification algorithms belong to supervised ML 

and are preferred methodologies when data analysis is used to provide a 

decision making tool [203]. A classification algorithm is deployed in this 

chapter as explained in the next section. 
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If the analysis outcomes are presented graphically to be read visually, in a 

decision tree, the level of detail needs to be confined. In this application, 

the classification outcomes cannot have unlimited complexity and must be 

physically meaningful. A decision tree is a preferred format of relating 

design parameters and the design indicators in an intuitive way. For 

example, window-to-wall is a physical parameter that expectedly 

terminates in a new branch in the decision tree because the 

hybridGEOTABS design indicators such as energy use and share of 

GEOTABS can be significantly affected by the glazing area. However, if 

the building has shading system, the window-to-wall ratio might be less 

decisive. By that, the designer can foresee the impact of the amount of the 

glazing area with and without shading system. As such, a decision tree 

guides the designer through a comprehensive comparison by providing the 

data immediately.  

On the other hand, “Black-box” is shorthand for models that find 

relationships between inputs and outputs, that however are not 

straightforwardly interpretable to humans. The black-box model receives 

the design parameters and generates the design indicators without giving 

an insight to the designer about the influence of each design parameter to 

the outcomes. As such, they can scarcely help the designer to improve the 

design as the designer cannot foresee the direction of the change that can 

improve the design indicators. However, the black-box models can result in 

higher accuracy and provide a better interface to be integrated into 

computer programs. 

6.4 Exploratory data analysis and preliminary 

results 

6.4.1 GEOTABS share 

Figure 6-2a illustrates the distribution of the share of the heating and 

cooling loads covered by GEOTABS for the office building design 

variations or cases (almost 40,000 case studies) from the database. Firstly, 

more than half of cases have more than 50% share of GEOTABS. On the 

other hand, 30% of cases have less than 25% share of GEOTABS. In these 

cases, GEOTABS does not seem a suitable option.  Figure 6-2b shows the 

share of TABS in covering the demand which is before the balancing of the 

borefield (the ‘40-60 rule’). It demonstrates that GEOTABS shares of more 

than 75% are feasible for the majority of the cases if the borefield annual 



Early-Stage Integrated Design Decision Trees  187 

imbalance is assessed and (if necessary) resolved in the detailed design 

stage. When comparing Figure 6-2a and Figure 6-2b, it is clear that the 

limitations of the GEOTABS share are an effect of the balancing 

assumption. Note that this analysis is addressing only the physical 

limitations of the system as it was previously mentioned in Chapter 4 that 

the borefield imbalance will significantly increase financial imparity 

between GEOTABS and conventional systems in terms of investment costs. 

As such, this chapter provides the results after the 40-60 rule has been 

applied (as explained in Chapter 5) and accordingly urges architects to 

alter the design so that the thermal balance is naturally achieved. 

 

Figure 6-2 Distribution of the share of the total energy demand that can be 

covered by GEOTABS in the office buildings included in the database (a), 

distribution of the share of the total energy demand that can be covered by 

TABS or secondary system (system share) in the office buildings included in the 

database (b). 

a 

b 
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6.4.2 Sizing  

Figure 6-3 shows the distribution of the absolute size of the key components 

in the office case studies from the database: the heat pump (HP), the 

secondary system in heating (boiler) and secondary system in cooling 

(chiller). The distribution for the heat pumps appears more dense than for 

the other components. The chiller has the highest deviation showing that 

probably choosing the optimum size of the chiller might be more difficult 

than for the other components.  

 

Figure 6-3 Distribution of the nominal power for HP, boiler and chiller in office 

cases. 

As it is expected to observe a difference between the distribution and the 

average of the maximum heat pump power in different climates, the heat 

pump maximum power is studied per climate in Figure 6-4a. Interestingly, 

the graph defies the expectations and the distribution and average power 

of the heat pump are similar in different climates. Note that these sizing 

results are obtained after balancing, and thus also include cases with low 

GEOTABS shares. Figure 6-4b shows the distribution of the heat pump 

maximum power in office buildings with share of GEOTABS higher than 

80%.  Figure 6-4b shows that although the distributions of all heat pump 

maximum powers were similar in the three climates, the distribution is 

different when the cases are classified in subgroups. This pronounces the 

importance of a systematic classification technique in which all possible 

subgroups are investigated. 
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Figure 6-4 Distribution of the HP power as the output of the sizing methodology 

for all office cases (a) and office cases with more than 80% share of GEOTABS (b). 

Note that the distributions of the absolute powers are highly affected by 

the total conditioned area of the cases which ranges between 1,000 m2 and 

over 20,000 m2, with a majority of the cases having floor areas below 5,000 

m² (see Annex E). Figure 6-5 gives the specific HP power (the heat pump 

power per m² of conditioned floor area) distributions per climate zone, 

showing the differences between the climatic zones more pronounced. The 

specific heat pump power also is a more suitable parameter to relate to 

parameters such as climate, insulation level, occupancy, etc. (parameters 

are defined Annex F). This is done in Figure 6-6, where the climate, 

insulation level and occupancy type are used as parameters. We learn that 

when the insulation level is high, the deviation in the specific HP power is 

low for both high-dense and low-dense occupation. The influence of 

occupation on the sizing is more obvious in the cases with low and medium 
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insulation levels. The highest specific powers are observed for the low-

insulated building cases in Madrid. The violin plots for the medium 

insulated cases prove that the design for high and low dense occupancy is 

different despite the fact that the box plot shows a symmetrical distribution 

in one group. As another example, with high dense occupancy for medium 

insulated cases in Brussels, the graph shows two distinct groups, meaning 

that an extra subgroup is required.  

  

Figure 6-5 Distribution of the specific HP power in all office cases 

 

Figure 6-6 Distribution of the specific maximum HP power in office cases in 

function of different building design parameters. 

6.5 Methodology to derive decision trees  

The outcomes of the sizing and performance estimation process developed 

in Chapter 5 provided a database of values of the design indicators, such 
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as GSHP size, secondary system size in heating and cooling modes, and 

annual heating and cooling thermal loads. These outcomes can be related 

to the design parameters such as climate and occupancy. The relation 

between the design indicators and the design parameters is explored to 

provide a decision tree for the designer (remind the definition of a design 

procedure in 1.4). Figure 6-7 shows an excerpt of the simulation results 

when the heat pump size is related to the �̇�designheating, which is the steady 

state heat loss of the building in design conditions estimated with the 

methodology documented in Annex D. The data looks like a cloud of points 

that can, with some information loss, be represented by a regression line. 

When the data are partitioned (classified) based on the climate and 

occupancy (as design parameters), different regression lines (statistical 

models) are derived. Each line is a statical model derived from the relation 

between inputs and outputs grouped based on the their similarities using 

statistical methods, reducing the loss of information.  

 

Figure 6-7 Maximum power required from heat pump (vertical axis) vs. �̇�designheating 

for all the office building case studies from the database. Difference between 

different regression lines for different groups according to subgroups. 

A classification algorithm is deployed in this chapter as a systematic 

method built-upon statistical modeling to efficiently classify the data in to 

subgroups, leading to a decision tree [132, 179]. A variety of implementation 

methodologies for classification algorithms exists. The methodologies are 

different in terms of the criterion for growing the tree, and the conditions 

to stop growing the tree. The multistep algorithm is such that it finds the 
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variable that splits the whole dataset to different subgroups with the 

minimum p-value between them. Hence, the variable that has the highest 

impact on the p-value between the branches is chosen as a root and the 

data are split to branches. The procedure is repeated for the branches till 

one of the stop criteria such as the maximum number of branches, depth 

of the tree, or insignificant p-value, is met. Finally, a line is regressed on 

the observations in each subgroup and the whole dataset is classified to 

smaller datasets which are statistically significant and have different 

regression models (Figure 6-8). 

 

Figure 6-8 Classification algorithm leading to a decision tree. 

Classification and regression trees (CART) [179] and Conditional Inference 

Trees (CTREE) [133] are two predominant classification algorithms which 

are different in terms of the criterion for growing the classification tree, and 

the conditions to stop growing the tree. Furthermore, finding subgroups in 

extremely large datasets is a complex and sometimes intractable 

mathematical optimization problem. There are different methods to 

determine the best splits in the dataset (and equally in the tree). This 

chapter does not intend to further elaborate on the technical difference 

between classification algorithms as it is beyond the discussion of this book. 

Interested readers are therefore referred to [132, 197] for a comprehensive 

overview of CART algorithms and extra related references.   

CTREE uses p-values from permutation distributions to select split 

variables. Stopping rules of CTREE are based on (Bonferroni-adjusted) p-

values to determine the tree size. CTREE conducts an analysis of variance 

(ANOVA) to check whether the predictors are making significantly 

different subgroups. When the p-values are not significant anymore, the 

function stops growing the tree branches because the subgroups (branches) 

are not statistically significant.  
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To apply this methodology to the dataset automatically, the function 

“ctree”  from the package “partykit” in the R program was used [132]. The 

function “ctree”  builds the tree by automatically applying statistical tests 

on the dataset. It receives the list of predictor and predicted parameters as 

input. It finds the optimum split using a greedy algorithm looking for the 

variable that meets the growing criterion better than the other variables in 

each step. The final outcome will be a decision tree whose final groups are 

the fitted regression lines for subgroups. The difference between final 

groups are statistically significant while cases within each group are not 

significantly different.  

Given the primary goal of developing the decision tree, a small and easily 

accessible decision tree is preferred. Therefore, the development of the 

decision tree was manually directed with the ctree function in R. First, a 

stop criterion was added based on the size of tree to prevent having a too 

big tree. Then, the function was run for the whole dataset to capture the 

most important variables. Then, to keep consistency between different 

decision trees and make the decision tree more legible, the same order of 

the splitting parameters was imposed to the function for all the trees. 

Finally, the outcomes are reported as the distribution of the observations 

in each sub-branch. Thus, the user faces a range of a parameter values and 

can decide to choose the average or maximum or minimum values. This 

feature will be elaborated through examples to show the application of the 

algorithm in the next section. 

6.6 Application of design decision trees 

In this section, first, some intermediate outcomes and decision trees are 

presented. These results were used to create the final decision trees. The 

intermediate trees are of interest because they reveal some inherent 

differences in the behavior of the observations across different branches. 

Afterwards, the final outcomes of this chapter, which are design decision 

trees that were organized to be read quickly and easily, are presented and 

discussed. Three case studies are used to demonstrate the use of decision 

trees. 

The partitioning algorithm finds the local optima for splitting and thus the 

subbranches are not necessarily the same for each of the main branches of 

the tree. The decision trees derived for Brussels climate for boiler and heat 

pump sizing are shown in Figure 6-9. In Figure 6-9.a the specific power 
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required from the boiler as the secondary system is classified by different 

subgroups. As seen in the figure, for medium and low insulated buildings, 

glazing area comes right after insulation. While, in high insulated buildings 

(with an insulation level similar to passive house requirements), occupancy 

will be a more important predictor, according to the simulation results. 

Similarly, for heat pump specific sizing (Figure 6-9.b), in medium-insulated 

buildings, glazing area comes after insulation level as the most important 

predictor, while in low-insulated buildings occupancy is found to be  a more 

decisive factor. This inconsistency between the branches makes the tree 

hard to read, given the large number of design parameters and design 

indicators in total. If one dedicated decision tree is reported for each design 

indicator, there would be at least 44 decision trees with confusing 

inconsistent branches inside. Therefore, uniform decision trees are adopted 

as shown in Figure 6-10. The figure shows an excerpt of the final decision 

tree for the office typology. Note that in the decision tree, L"," M", and "H" 

respectively stand for "Low", "Medium" and "High" for different parameters. 

The values corresponding to "Low", "Medium", and "High" for different 

parameters are documented in detail in Annex F. The complete trees are 

formatted for printing on A3 paper size and available via the link below 

for a better legibility: https://doi.org/10.5281/zenodo.4724848.  

https://doi.org/10.5281/zenodo.4724848
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b. sizing decision tree for heat pump a. Sizing decision tree for boiler 

Figure 6-9 Sizing decision tree for (a) boiler 

and for (b) heat pump, derived from 

automated classification algorithm applied 

on simulations results from Chapter 5. 
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Figure 6-10 Final decision tree for office typology in Brussels. 

       

               

       

       

                                                                                                                     

                        

  

 

 

 

              

   

        

 

  

       

      

   

         

 

 

  

      

                  

C
 

 



Early-Stage Integrated Design Decision Trees  197 

The design indicators that can be derived from the decision trees are:  

1- Energy demand (kWh/m²/year): sum of net heating and cooling 

demands of the building assuming an ideal heating and cooling 

system (22-24 °C indoor temperature range) 

2- GEOTABS share (%): the annual heating and cooling loads 

covered by GEOTABS divided by the total annual heating and 

cooling loads 

3- Borefield thermal balance: relative frequency of heating 

dominated (red), balanced (green) or cooling dominated (blue) cases 

in that subgroup of the database  

4- CO2 emissions (kgCO2/m²/year): estimated CO2 emissions for 

heating and cooling the building 

5- CO2 savings (%): savings in CO2 emissions as compared to a non-

GEOTABS scenario (100% of heating and cooling provided by a 

boiler and chiller) 

6- HP-power (W/m²): specific power of the heat pump per conditioned 

floor area 

7- Borefield length (m/m²): length of the geothermal borefield (m) 

per conditioned floor area (m²) 

8- Sec Sys power in heating (W/m²): specific power of the secondary 

heating system per conditioned floor area 

9- Specific  �̇�design  in heating (W/m²): steady stated heating 

demand of the building reported  as a common indictor (see Annex 

D) 

10- Sec Sys power in cooling (W/m²): specific power of the secondary 

cooling system per conditioned floor area 

11- Specific �̇�design in cooling (W/m²): steady state cooling demand of 

the building reported  as a common indicator (see Annex D) 

Using the provided decision tree and to exemplify its application, we design 

the three case studies in Brussels (BrusselsA, BrusselsB, and BrusselsC as 

used in Chapters 3 and 5). They are indicated  in  Figure 6-10 and the 

related design indicators values are derived accordingly. As the decision 

tree mostly provides the parameter values per unit of conditioned floor 

area, the estimated values from the tree can be multiplied by the 

conditioned area (2,390 m2 for these cases) and the absolute values are 

derived. The estimated design indicators for the three case studies are listed 

in Table 6-1. Note that the values are rough approximations used in the 

early stage of the design procedure. We used the maximum value of the 

boxes in the boxplots (the 75% quartile of the distribution) for each 
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indicator. The designer may decide to use the maximum value of the 

whiskers for a more conservative estimation. Moreover, it is possible to be 

more conservative for one indicator, e.g. the secondary system in heating 

and less conservative for the (usually more expensive) primary system. 

Table 6-1 Estimated values of design indicators for the three case studies in 

Brussels based on the proposed decision tree 

Case BrusselsA BrusselsB BrusselsC 

Total heat demand (kWh/m2/y) 55 40 90 

GEOTABS share (%) 87 25 55 

Heat pump power (kW) 31 12 35 

Borefield length (m) 950 430 1195 

Secondary system power in 

heating (kW) 

24 18 71 

Secondary system power in 

cooling (kW) 

43 60 84 

�̇�designHeating (kW) 108 60 144 

�̇�designCooling (kW) 180 120 192 

In comparison to the values reported in Section 5.5 the accuracy is 

promising especially in comparison to the �̇�design as the traditional way of 

sizing HVAC components. This shows a remarkable downsizing of the 

components, while the sizing is still safe compared to the sizing derived 

from a detailed algorithm reported in Section 5.5. Also, the rather limited 

power of the heat pump, when optimally controlled, allows to deliver a 

significant share of the heating and cooling demand to be covered by 

GSHP. The GEOTABS share is approximated with the so-called “40-60 

balancing rule” and accordingly results in a ‘safe’ and conservative 

estimation of the geothermal source. As noted in Section 5.5, with a 

detailed design of the borefield a higher imbalance between the heat 

injected and extracted from the field may be allowed without harming the 

long-term borefield performance, and thus the share of GEOTABS could 

be increased. Moreover, use of R2ES for regeneration of the borefield (e.g. 

using a solar boiler or cooling tower) is also a design option that can be 

considered. The thermal balance of the borefield (second indicator) shows 

that BrusselsC is definitely heating-dominated and BrusselsB is cooling-

dominated. BrusselsA seems the best design as the GEOTABS share is the 

highest and the CO2 emission saving is high, while the absolute CO2 

emission is low.   
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6.7 Discussion 

The application of the decision trees as easy-to-use tools was exemplified 

through three case study buildings in Section 6.6. The decision trees can 

be independently employed at the very beginning of projects with very 

limited inputs to optimize architectural design decisions. However, due to 

the inevitable simplifications in modeling and optimization that were 

developed and deployed in simulations this book, the most important 

considerations are explicitly listed here to inform designers when using the 

decisions trees. 

1- The building model used in this book for the design purpose is a 

single zone model while the building thermal loads were calculated 

with a multizone model. Thus, the thermal loads in different zones 

in the building were aggregated in a pre-processing step in the 

design procedure.  

2- Layout of the simulated buildings (shown for office buildings in 

Figure 6 in Annex H) is chosen based on building stock analysis 

(documented in [213]). Thus, adventurous layouts cannot be 

assessed in terms of local thermal discomfit via the decision trees. 

3- Accepted indoor temperature range for thermal comfort was 

considered steady and similar for different seasons. The bound is 

22 °C to 24 °C for offices, schools, and multifamily residential 

buildings and 23 °C to 25 °C for elderly homes. 

4- Possibility of condensation on the surface of the TABS was 

neglected in the modeling. However, because the surface minimum 

temperature was limited to 19 °C, the contingency of conduction 

is very limited and can be safely neglected when using the decisions 

trees. The detailed design step is where this assumption must be 

evaluated.  

5- The insulation level of the building in the decision tree is a 

combined parameter including the windows, walls, and airtightness 

(as listed in Table 4 Annex F). 

6- The optimal load split algorithm (OLSA) recommends installing a 

secondary system even for use in limited hours per year. However, 

the designer can decide whether to eliminate the secondary system 

when GEOTABS can cover a substantial share of the annual loads.  

7- Thermal imbalance between heating and cooling loads in the 

borefield was conservatively limited. This was because the sizing 

of the borefield is complex in case of thermal imbalance. This 

assumption confined the share of GEOTABS in cases with thermal 
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imbalance. However, detailed simulations for limited cases showed 

that the imbalance can be handled to a certain extend. Thus, the 

decision tree is also a tool for the architects to improve the design 

in terms of imbalance and provide a sustainable building design. 

Hence, the proposed share of GEOTABS in the decision trees are 

the minimum reasonable share for a given design and can be 

increased in the detailed design. 

8- The choice of passive or active cooling is entirely based on the 

climate in this book. It is assumed that the lower undisturbed 

temperature in Warsaw and Brussels and the thermal balance 

(which was imposed in the design procedure) guarantee passive 

cooling. On the other hand, it was assumed that cooling is always 

active in Madrid.  

9- The COPs of the geothermal system were not chosen 

conservatively. Instead, the boundary conditions were chosen 

conservatively to guarantee that the CO2 savings of the design 

noted in this book are estimated reasonably. The borefield 

maximum temperature was chosen 25 °C for Madrid and 20 °C for 

Brussels and Warsaw. The water supply temperature was also 

limited to maximum 35 °C in heating and minimum 15 °C. These 

set of assumptions furnish efficient performance of the GEOTABS.  

10- An advanced control that has predictive feature was deployed for 

the TABS. Conventional control strategy may not achieve the 

same performance as noted in the decision trees since they overlook 

optimal use of the thermal inertia of TABS.  

11- The secondary system inertia was neglected in this book. The 

secondary system is assumed a fast system that produces the 

required heat or cold rapidly and delivers it to the zone fast to 

guarantee thermal comfort. 

12- The ventilation system was not simulated in detail in this book. 

Instead, an ideal ventilations system with 85% heat recovery 

efficiency was deployed. The ideal system keeps the air flowrate 

constant and changes the air temperature so that 85% of the heat 

received form the building will be returned to the building. The air 

flowrate was chosen according to the standards. Also, the 

electricity consumption and heat loss of the ventilation system are 

not reported within the energy use of the building in the decision 

trees. 

13- Geometrical differences in the building design have been flattened 

by normalization in the decision trees. Each boxplot shows the 
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results of multiple simulation results for different geometries with 

the same physical parameters. The design indicators estimated 

from the simulations were normalized by a division by the total 

conditioned area. However, it cannot be easily recognized which 

part of the boxplot corresponds to which specific geometrical 

design. For instance, a building with 6 floors with high length and 

short width can be in the same boxplot as a building with 3 floors 

with an equal length and width. 

6.8 Conclusion 

In this chapter, it was discussed that in order to optimally integrate the 

building and HVAC design, architects need guidance to improve their basic 

decisions during the early-stage design. The existing design tools such as 

the webtool introduced in Chapter 5, however, provide a prediction of 

energy performance of the building for a set of design parameters and thus 

entails a prohibitive iteration for each change in the design. Moreover, the 

webtool cannot indicate the way to improve the design and is less practical 

for architects who are still varying the design significantly to meet a 

multitude of design criteria in the early design stage. Therefore, the 

outcomes of Chapter 5 were analysed to derive early-stage design decision 

trees. These can also be useful for HVAC designers or building energy 

performance advisors to provide first quick guesses of the hybridGEOTABS 

potential.   

Remind that in Chapter 5, a fast hybridGEOTABS sizing and performance 

estimation process was developed and applied to over 140,000 case-study 

buildings using an automated software code. The results provided a rich 

database as the basis for the hybridGEOTABS design guidelines. 

Supervised machine learning techniques were used for data analysis to 

provide design guidelines for the key components of hybridGEOTABS. The 

main outcome of the whole procedure is a set of four design decision trees 

providing the most crucial inputs for the designer to consider in the early-

stage design, and the key components sizing and performance indicators. 

The decision trees (find them on https://doi.org/10.5281/zenodo.4724848) 

are provided for four different typologies, namely offices, schools, elderly 

homes, and multifamily residential buildings. While using the decision tree 

for design is very fast and easy, the results are close to the results from 

detailed and time consuming algorithms, and are thus an added value for 

the designer to assess the feasibility of hybridGEOTABS for their design. 

https://doi.org/10.5281/zenodo.4724848
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Moreover, architects can see the influence of different parameters on the 

sizing and performance of the system. Thus, they may use it to optimize 

the building physical design to increase the possible share of GEOTABS as 

a sustainable core for the building heating and cooling energy use.  

Following the suggested design workflow decreases the probability of 

designers wasting time analyzing potential dead-ends, which is a risk in 

traditional trial-and-error approaches. Instead, decision trees can be used 

to generate an overview of how performance-decisive parameters affect 

performance needs via parameter changes. The designer can make more 

informed design decisions based on these overviews, decreasing the need for 

time-consuming design iterations to achieve a given performance. 

Note that the design procedure and decision trees provide the performance 

of the GEOTABS concept (with borefield thermal balance) assuming a 

traditional secondary heating and cooling system (boiler and chiller). The 

results should therefore be interpreted as a minimum improvement in 

sustainability possible by the hybridGEOTABS concept. Designers are 

encouraged to use additional renewable sources in the secondary systems 

(if the use of secondary systems is inevitable) and/or provide the heat pump 

electricity from renewable sources such as with solar panels, to further 

increase the environmental performance. 
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7.1 Conclusions 

On the path towards a carbon neutral society, nearly zero-energy buildings 

(nZEB) have been broadly defined as buildings with “very high energy 

performance” in which their low energy demand is expected to be primarily 

met by electricity produced by renewable energy resources. These future-

proof buildings are energy-flexible whereby they can shift their heat 

demands to time frames where the sustainable energy supply is abundant 

and thus the use of fossil fuels is minimized. This is a set of high-level 

policies to decarbonize heating and cooling of buildings, which are 

responsible for nearly 14% of total CO2 emissions in Europe [214]. 

Implementation of the policies requires a synergy between different parties 

such as building owners, architects, HVAC designers, energy suppliers, 

while they have different interests. Although the heating and cooling 

technologies have been improved remarkably, the improvement has not 

equivalently penetrated practice. It is argued in this book that conventional 

HVAC design methodologies overlook the synergy between different parties 

and thus cannot be used for an optimal design of innovative and sustainable 

HVAC solutions. It was explained that the design procedure of future-proof 

buildings with innovative HVAC systems has remained challenging. The 

early-stage design is where key decisions are made and is the basis for the 

detailed design. The early-stage decisions are often expensive to be changed 

later and thus the potential of optimizing the design to improve the share 

of sustainable resource in heating and cooling systems is confined to these 

decisions. A back-and-forth relationship is a vital feature in an integrated 
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design procedure that results in synergy between architectural and HVAC 

design. This is where this thesis aimed to contribute. 

This book investigated the design procedure of hybridGEOTABS as a 

sustainable and innovative HVAC solution. hybridGEOTABS starts from 

GEOTABS, which is the combination of a GEOthermal heat pump (using 

a borefield as heat source and sink) and a thermally activated building 

system (TABS), and is combined with a supplementary secondary heating 

and cooling system. TABS is a radiant heating and cooling emission system 

in which heating/cooling pipes are embedded in the mass of building 

elements (for example, concrete floors), activating them as thermal storage 

and providing energy flexibility. TABS exploits the building indoor surfaces 

such as floors and/or ceilings as the emission system to maintain thermal 

comfort in the building.  

In chapter 1 it was discussed that the energy-flexible buildings and HVAC 

solutions, such as hybridGEOTABS, exploit a high thermal capacity to 

store the energy and release it whenever needed. As such, the dynamic 

behavior of the system is crucial. It was pointed out that the dynamic 

behavior of TABS influences the HVAC design, while simplified 

methodologies at the early-stage design neglect such dynamic behavior. 

Being complex and time consuming, detailed design procedures, on the 

other hand, cannot maintain the fast back-and-forth relation between the 

architectural and HVAC early-stage design. Hence, the key research 

question of the book was formulated as “how to bring the dynamic behavior 

of the system into an easy to use early-stage design method”. Therefore, 

the design method proposed by the book was outlined to provide enough 

means for estimating the design indicators such as thermal comfort, energy 

use, components sizing, environmental impact, and financial analysis at the 

early stage of design while requiring only inputs that are easily accessible 

for designers in that stage. Although the final answer was set to be a 

consistent design tool, the answer required multi-step analyses and a 

variety of tools to be developed.  

Exploiting the energy-flexibility of TABS to realize consequent peak 

shaving and load-shifting effects necessitates an optimal control of the 

dynamic behavior of TABS. The optimal control is a mathematically 

complex and non-trivial task especially at the early stage of the design. 

This problem could not be approached by a mathematically complex 

dynamic model of the system because it would prohibitively result in high 

calculation time. By a long calculation time, it is difficult to iterate on the 
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building design in search of the optimal design, and hence architectural and 

HVAC design cannot be integrated. Thus, a simplified model of the system 

was developed in chapter 2. The novelty of the chapter was the use of 

precalculated heating and cooling time series (calculated with an ideal 

HVAC control) as input for a simplified model to simulate the dynamic 

behavior of building with a different control strategy. As such, the building 

heating and cooling load could be calculated with detailed multi-zone 

models, which are easily accessible in a variety of BES programs, to be 

later used in further analysis.  

In Chapter 3 an optimal load split algorithm (OLSA) was developed that 

optimally deploys the thermal inertia of TABS for peak shaving and load 

shifting. OLSA runs fast dynamic simulation of TABS with a nearly-

optimal control and generates the time series of the primary system and 

secondary system that must feed TABS and the secondary emission 

systems. The novelty of the OLSA was 1) the use of a fast greedy algorithm 

that provides a predictive control of TABS and with maximum 9.6% error, 

2) conducting a relation between the primary system and secondary system 

maximum power through simulations. The calculation time of OLSA was 

on average 30 seconds which is almost 120 times faster than the baseline 

as discussed in Chapter 3. The relation between the primary system and 

secondary system maximum power enables OLSA to be used for optimal 

sizing of the production units. 

A techno-economic assessment (TEA) model of hybridGEOTABS was 

developed in Chapter 4 to search for the optimal design of the system for 

nine case studies. The TEA model is a dynamic simulation-based procedure 

that runs multiple simulations for the borefield, building and TABS 

whereby optimal energy use, CO2 emissions, and costs associated to variety 

of design scenarios were estimated as the main design indicators. The 

novelty of this chapter was a design procedure that only evaluates the 

optimal solutions and thus provide Pareto front solutions. The low 

calculation time of OLSA and its ability to relate maximum power of the 

primary and secondary system facilitated the dynamic simulations of all 

Pareto solutions and thus could lead to the optimal design. It was observed 

that GEOTABS always provides carbon dioxide emission savings of up to 

85% but requires higher investment costs of up to 238% that of 

conventional systems. However, due to the operational cost savings of up 

to 76%, the use of GEOTABS achieved net present cost (NPC) savings of 

2% to 19% in five out of the nine case studies, for 25 years of operation. 

TEA proved that the trade-off between the higher investment cost and low 
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operational costs of GEOTABS is highly affected by the building design. 

It was observed that cost parity of GEOTABS against the conventional 

systems was highly affected by the borefield annual thermal imbalance. 

Roughly speaking, when the share of annual heating loads (or cooling loads) 

from the total annual loads is higher than 60%, the financial feasibility of 

GEOTABS is threatened. This equally proved the significance of early-

stage design process. The TEA model, however, was developed as a Python 

code and requires coding experiences and tools that cannot be directly 

integrated into the early-stage design process.  

The lessons learned from the TEA were used in chapter 5 to develop a fast 

sizing methodology. The novelty of the chapter is the use of post-processing 

of the OLSA (Chapter 3) outcomes and incorporating lessons learned from 

the previous detailed optimal design (Chapter 4) to provide a near optimal 

design without running time-consuming and cumbersome mathematical 

optimizations. As such, the methodology was applied to merely 140,000 

case study buildings available from a database of dynamic building 

simulation results. Whereby, a rich database of pre-engineering results was 

provided and used in a webtool in which HVAC designers consult near-

optimal design of hybridGEOTABS. The webtool provides adequate 

information to the designer to assess high level design indicators such as 

components sizing, energy use, CO2 emissions, and costs in different 

scenarios. It was observed that the simplified tool can achieve a remarkable 

downsizing of the heat pump in comparison to traditional steady state 

sizing methods currently used in the early-stage design. The outcomes were 

verified against a previously developed detailed integrated optimal control 

and design algorithm for five case studies. The sizing is also safe in 

comparison to the detailed design procedure according to the outcomes for 

the five case studies. 

Although the webtool is a useful tool for HVAC engineers, it still cannot 

maintain the fast back-and-forth relation between architectural and HVAC 

design because the analysis is case specific and interesting for a given 

building design. Thus, the database provided in Chapter 5 was used in 

Chapter 6 to develop an early-stage design decision tree for 

hybridGEOTABS. The novelty of the chapter is the use of machine 

learning techniques for translating dynamic simulation results into an easy-

to-use tool to be used for high level decision making. It can therefore 

incorporate intricate aspects of the system such as the impact of the system 

dynamics on components sizing into currently less precise overestimated 

design decisions that are made conservatively. A supervised machine 
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learning technique, namely classification techniques, was used to 

automatically analyze the outcomes and to derive the decision tree. The 

application of the decision tree was exemplified using three case studies 

previously introduced in Chapter 3 of the book. It was shown that the 

energy use, share of GEOTABS, CO2 emissions and savings, sizing of GSHP 

and borefield and secondary systems, and borefield annual thermal 

(im)balance can be derived from the decision tree using high level design 

parameters. The decision tree enables architects to assess the impact of 

early-stage design decisions on the energy performance of the building. The 

building design can be altered accordingly to improve the energy 

performance indicators. This provides an integrated early-stage design tool 

for hybridGEOTABS buildings.  

7.2 Limitations 

The simplified modeling, as such, incorporates the building geometrical 

characteristics through their impacts on the building thermal loads. Hence, 

features such as direct solar incidence on the floor cannot be evaluated by 

the proposed modeling. The methodology also performs the analysis in the 

building level and cannot investigate local discomfort contingencies. 

Although this limitation is not problematic in the context of this book as 

the early-stage design was targeted, this could be a starting point for 

improving the early-stage design tool to enhance it for practicing more 

adventurous and creative architectural design. Currently, design 

parameters such as heat loss area, compactness, insulation level, glazing 

area, orientation, and shading system can be evaluated in the early design 

stage.  

OLSA is using an optimization algorithm developed in-house for the 

particular problem stated in the book. The algorithm is very sensitive to 

the system dynamics and cannot be extended to other problems with 

different system dynamics. For instance, if the number of control variables 

changes, the OLSA may not keep the same performance in solving the 

problem, for instance it might result in significantly higher calculation time 

or a loss of accuracy. 

The TEA model of hybridGEOTABS was designed to practice the optimal 

load split between GEOTABS and the secondary system considering the 

total costs. TEA of hybridGEOTABS showed a very high sensitivity of 

common financial indicators such as payback period to energy prices and 
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thus cannot be naively extended. The exercise shed light on important 

physical aspects of optimal design of hybridGEOTABS such as the annual 

borefield balance and a remarkable potential of downsizing the production 

unit connected to the TABS. Hence, outcomes of TEA such as the total 

costs of GEOTABS and the financial viability of GEOTABS are insightful 

but not definitive.  

The design decision tree was created to be read and used visually. As a 

result, several design features, such as compactness, were left out of the 

design parameters in order to keep the tree small. This was done only after 

statistical tests were performed and the parameters with the least 

significance were eliminated. As a result, the tree assumed that the 

building's shape is a cube, allowing for the desired glazing area. Thus, the 

decision tree cannot be used to include compactness. Furthermore, the tree 

presents three scenarios for building insulation level, including the total U-

value of the structure, airtightness, and window heat transfer coefficient. 

Similarly, the design tool does not allow for a random combination of the 

overall U-value, airtightness, and window heat transfer coefficient. These 

values are predefined in the three scenarios for each insulation level. 

7.3 Perspectives 

The simplified modeling showed the potential to be integrated into large 

scale such as district systems models in which the mathematical complexity 

of the model is a key limitation. For instance, in district systems modeling 

and simulations, the proposed simplified modeling approach can be used to 

incorporate the dynamic behavior of individual buildings into the 

calculations. This enables the user to practice load-shifting and peak 

shaving effects with a smart control and a dynamic model, thus allowing 

for evaluation of the peak shaving bonus at the district level.  

The simplified modeling procedure in chapter 2 can be repeated for a 

variety of case studies to derive parameter-related coefficients. The 

buildings could be accordingly classified and the coefficients can be re-used 

based on the class of the building. As such, a matrix including parameters 

value and their corresponding coefficients for simplified modeling can be 

presented. Although the added value must be investigated, an increase of 

the accuracy is expected as a result of case specific coefficients. The higher 

accuracy can then customize the methodology for online applications such 

as advanced model-based control in district level applications.  
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OLSA can be used for other similar applications in which the load must be 

optimally split between an efficient source with high thermal inertia and 

an inefficient, but faster, secondary source. It was observed that the greedy 

approach can yield accurate results thanks to relatively stable dynamics of 

the system resulting from the high thermal inertia of TABS. This 

conclusion can be of interest in developing heuristic optimization 

algorithms. The high thermal inertia of TABS dampens the sensitivity of 

the optimal result to the optimization variables in the trusted region. In 

other words, a safe neighborhood for the optimization variables is made in 

which the objective function is stable. Then, the algorithm needs to find 

the region from which the optimization variables yield sub-optimal results 

objective function values. The sub-optimal results could be used as the 

answer because it is known for this system that the optimal objective 

function will be close the to the sub-optimal in the trusted region. 

Substantial calculation efforts will be saved by the proposed methodology.  

The FFT analysis of the OLSA outcomes revealed similarities between the 

building thermal loads and control signals to the TABS. As a future study, 

a more detailed analysis can show how the control signal can be calculated 

directly based on the building demand. As observed through tracking the 

objective function value, the initial guess in OLSA for several case studies 

was significantly close to the final optimum solution. In these cases, the 

energy input to the TABS could be calculated from an estimation of the 

building demand, shifted back in time or aggregated throughout the day, 

and the secondary system could be used to guarantee thermal comfort. This 

would significantly decrease the mathematical complexity of the control 

and simulation of the TABS by removing the optimization part of the 

control. Yet, the methodology for the online prediction of the building load 

during the operation is challenging. 

The design guidelines were provided based on simulation results of a limited 

of case studies case studies with prescribed building design scenarios. 

However, the methodology of Chapter 4 can be presented as an online tool 

that receives the building heating and cooling demands and provides the 

optimal design for the early-stage design. By that, the design can be 

performed for a random building design provided by the designer. This, 

however, entails having the building hourly thermal loads for the entire 

year, which is considered a feasible task due to the expansion of building 

energy performance simulation tools. To achieve the online tool, the OLSA 

and the borefield simulations tool must be modified so that they require 

only inputs for the designer and give the results without extra coding.  
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Table 1 The main parameter values for TABS used in modeling in the book. 

Position of the TABS are changed in modeling by changing the heat transfer 

coefficient between zone and the TABS surface [88, 24, 91]. 

Parameter value 

Thermal conductivity of concrete λc (W/m/K) 1.4 

Concrete thickness L1 (mm) 140 

Concrete thickness L2 (mm) 100 

Pipes distance D (mm) 150 

The thermal resistance of the piping system 

Rt([m2K/W) 
0.1 

Specific thermal capacitance of concrete c (J/kg/K) 840 

Density of concrete ρ (kg/m3) 2100 

Pipes diameter d (mm) 20 

Total heat transfer coefficient between surface and 

zone in heating hrad+conv  (W/m2/K) TABS is in ceiling 
6 

Total heat transfer coefficient between surface and 

zone in cooling hrad+conv  (W/m2/K) TABS is in ceiling 
11 

Total heat transfer coefficient between surface and 

zone in heating hrad+conv  (W/m2/K) TABS is in floor 
11 

Total heat transfer coefficient between surface and 

zone in cooling hrad+conv  (W/m2/K) TABS is in floor 
7 

TABS coverage of the floor/ceiling (%) 80 
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Detailed flowchart of the Optimal Load Split Algorithm is depicted in 

Figure 1. First an Initial guess is made. Then the iteration over the time 

steps (k= 1:8760) starts. Dynamic Constraints are produced inside the 

orange box in each iteration using the inputs from the previous time step 

values for the states and are given as inputs to the Search algorithm. In 

each iteration in the search algorithm one simulation is run using the SSE 

from the LTI system model to calculate the states and the objective 

function value and finally the optimum values for the primary and the 

secondary system power are reported and the process repeats for next time 

steps. System sates for the next time step are recalculated and given as 

initial states as inputs for the next time step. 

 

Figure 1 Detailed flowchart of the Optimal Load Split Algorithm (OLSA) 
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The cost function of the GSHP price and borefield installation price, based 

on a linear regression on the real prices in the market are shown in Figure 

2. Prices were derived by the author from websites of different suppliers. 

 

 

Figure 2 Regression lines for the GSHP and borefield prices 
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This annex documents the methodology for estimation of �̇�design used in this 

study. Remind that to compare the sizing with existing and traditional 

sizing approaches, the steady state heat loss and heat gains of the building 

(�̇�design) were documented in the design decision trees. To be able to make 

a simple and fast methodology for estimation of the building maximum 

heating and cooling demand, different standards were investigated. 

Moreover, dynamic simulation results for over 140,000 case studies were 

available which facilitated a sanity check for the results from the proposed 

methodology. As such, the maximum steady state loads were compared 

with dynamic simulation results. The aim was to make sure that steady 

state �̇�design gives a safe value which is close to the standards as well. First, 

all the equations and assumptions needed for �̇�design calculation are 

documented. Then, the comparison between �̇�design and the maximum 

thermal loads of the building in heating and cooling with dynamic 

simulations are presented.  

A worst-case scenario for heating is adopted in which the solar and internal 

gains are zero. Maximum heating demand of the building is calculated 

based on steady state heat transfer from the building to the outdoor and 

vice versa as below: 

 

�̇�designHeating = �̇�Infiltration + �̇�Ventilation + �̇�RH + �̇�Transmission Equation 1 

 

Where  

�̇�Infiltration =1012*1.204*V/3600*n50/ C0*(Tset - Tdes)  

 

Equation 2 

 

Where V is the volume of the building (m3) as an abstraction of the air 

volume in the building. 

C0=20 "Conversion factor for n50 to Air Change Rate (annual average) 

Based EN ISO 13789 [204]. 

�̇�ventilation=1012*1.204/3600*�̇�vent*(1-RecEff)*(Tset - Tdes)  

 

Equation 3 

 

Where �̇�vent is ventilation flow rate in m³/h (Volume (m³) * air change rate 

(1/h)). 
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RecEff is ventilation system heat recovery efficiency which is considered 85 

% here. 

�̇�RH=A*fRH      Equation 4 

�̇�RH is the reheating term which is considered to guarantee the ability of 

the system in reheating the building rapidly after a relatively long period 

of being off. For instance, after a long period of holidays period in which 

the heating system was turned off in an office building, the heating system 

is traditionally designed so that the operator can turn it on during the first 

working day. As such, the system must be large enough to rapidly cover 

the thermal loads. 

A is the total conditioned area (m2) of the building. 

Reheat factor (fRH) was chosen 7 For residential buildings and 11 for non-

residential buildings according to EN 12831-1 [205]. 

�̇�Traansmission= (UG*AG +UWall*AWall+Uroof*Aroof)* 

(Tset – TOut.Design.Heat)+ UGrFlroor*AGrFlr*( Tset – TGround.Design) 

 

Equation 5 

 

Uroof and UGrFloor are the same as UWall (overall U-value of the building 

envelope) and Tset = 23 (°C). 

Table 2 The building parameters for different typologies used for estimation of 

the �̇�design 

Climate TOut.Design.Heat 

(°C) 

TGround.Design (°C) Tout.design.Cool(°C) 

Brussels -8 10 31 

Warsaw -16 8 31 

Madrid -3 14 35 

Schools 
G-values of 

windows 

U-values of walls 

(W/m2/K) 

U-values of 

windows 

(W/m2/K) 
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Group A 0.40 0.15 0.80 

Group B 0.56 0.27 1.50 

Group C 0.60 0.50 2.50 

Residentials 
G-values of 

windows  

U-values of walls 

(W/m2/K) 

U-values of 

windows 

(W/m2/K) 

Group A 0.40 0.15 0.80 

Group B 0.56 0.27 1.50 

Group C 0.60 0.50 2.50 

Elderly 

Homes 

G-values of 

windows  

U-values of walls 

(W/m2/K) 

U-values of 

windows 

(W/m2/K) 

Group A 0.40 0.15 0.80 

Group B 0.56 0.27 1.50 

Group C 0.60 0.50 2.50 

Office 
G-values of 

windows  

U-values of walls 

(W/m2/K) 

U-values of 

windows 

(W/m2/K) 

Group A 0.40 0.15 0.80 

Group B 0.56 0.27 1.50 

Group C 0.60 0.50 2.50 

 

Maximum cooling demand based on the worst case scenario:  

�̇�designCooling =�̇�Solar.max+�̇�internalGain.max+�̇�Transmission+�̇�Infilteration + 

�̇�ventilation   

 

Equation 6 

 

Where  
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�̇� Infilteration and �̇�ventilation are estimated the same as explained for heating 

mode with equations 2 and 3. 

�̇�Solarmax= Ihor.max*Awin*Gwin*ShadingCoeff 

 

Equation 7 

 

Gwin is overall solar heat gain coefficient of the window explained in 

ASHRAE fundamentals chapter 29, Table 11 [206]. This value is assumed 

for all windows. ShadingCoeff is assumed 0.5 if the building has shading 

system.  

Ihor.max is maximum daily average of solar irradiation on a horizontal plane 

(W/m2) derived from “meteonorm” program for hottest summer scenario 

according to [207]. 

Table 3 Maximum daily average solar irradiations (Ihor.max) in different locations  

Climate Brussels Warsaw Madrid 

Maximum daily average of solar 

irradiation (W/m2) 

365 367 396 

 

�̇�internalGainMax is the maximum internal gains in W and the corresponding 

values are reported in Annex F. 

�̇�Traansmission =  (UG*AG  + UW*Aw + Uroof*Aroof) * 

(Tset – TOut.Design.cooling)+  UGrFlr*AGrFlr*( 

Tset – TGround.Design) 

 

Equation 8 

 

All parameters in  were explained for heating mode. The only difference is 

the Tout.design. 

As mentioned earlier, the maximum dynamic demand could be compared 

to the steady maximum steady state thermal load. Figure below shows such 

comparison for the office cases in heating mode. The ratio is chosen in such 

a way that the calculation stability is kept to have efficient visualization. 

Therefore, the ratio is estimated using Equation 9 as follows  

Ratio= (�̇�designHeating-max(�̇�total))/ �̇�designHeating 

 

Equation 9 

 

Based on Figure 3, an overestimation of the maximum thermal load is 

observed with steady state estimation method. The overestimation is more 
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pronounced in more insulated buildings. Insulation level is the most 

effective factor on the overestimation, while glazing is perceived as an 

important factor specially in Madrid climate. 

 

 

Figure 3 shows the importance of using dynamic simulations specially for 

buildings which are highly insulated and thus well suited for sustainable 

HVAC systems. In other words, although expectedly using �̇�design ends up 

with overestimation of the required installed power for the conventional 

system, it is even worse when talking about sustainable approaches such as 

Figure 3 Ratio between maximum steady state and dynamic thermal loads for low 

occupancy (top row) and high occupancy (bottom row) office buildings in the 

database 
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GEOTABS. Therefore, it is strongly recommended to have dedicated 

design methodologies for state-of-the-art HVAC solutions as the traditional 

design methods might even appear as a barrier against sustainable 

solutions. We provide the �̇�design since the as one of the indicators for each 

subgroup because the design should be able to compare the GEOTABS 

scenario with a non-GEOTABS scenario with conventional systems sized 

with traditional methodologies. 
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This annex documents the methodology deployed for producing a database 

of building stock simulations results. The methodology has been developed 

by Mahmoud et al. [97] during hybridGEOTABS project and the database 

is a property of the project and is not freely available. The database was 

used for the analysis in Chapter 5 and  Chapter 6 of this book. 

Four different typologies: offices, schools, elderly homes, and multi-family 

residential buildings were chosen to be simulated. For each building 

typology, floor plans were collected. These floor plans were used to derive 

a representative archetype, containing the typical room layouts (e.g. size 

of a meeting room) and functions of the respective types (i.e. an office 

building has xx m² of offices, xx m² of meeting rooms, etc.). A 3D-geometry 

is used as an input in excel software. Furthermore, the geometric model of 

each archetype is developed in that way that the archetype can fit all 

geometries available in the collected building stock data The 

parametrization of the building archetype was done in Excel using the 

previously developed fitting process developed by Delghust [208]. A tool 

was developed in the Python language that translates the geometrical 

outputs of the fitting and parameterization process, together with other 

building energy-related input parameters into Modelica input files. Besides 

the geometrical input data, the simulation model also needs thermal 

properties (e.g. U-values), a definition of present internal heat gains and a 

specification of the system to heat and cool the building, to ventilate the 

zones and a specification of the climate. To do so, the tool reads the 

geometrical model files and building energy properties files and writes it to 

readable files in the Modelica language. Based on these Modelica input files, 

detailed building energy simulations are produced automatically for all 

individual buildings in the available building stock, starting from general 

geometrical data of the buildings. The main physical  parameters of the 

case studies are explained below:  

Climate:  We used three weather files that can cover most of the EU-

different climates such as Brussels (Maritime, temperate warm), Madrid 

(continental subtropical) and Warsaw (transitional, temperate warm). 

Thermal insulation and air tightness level: We used three levels of thermal 

insulation of the building envelope and windows as well as the air 

infiltration rate, summarized in Table 4 in  Annex F. The three groups 

were decided based on the current regulations and codes for buildings in 
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the different EU countries. Setting (1) represents a building with lower 

thermal transmission and high airtightness according to the passive house 

standards, setting (2) represents a building with average thermal 

transmission and airtightness according to today’s energy performance 

regulations observed in many EU countries, and setting (3) represents a 

building that has higher thermal transmission and lower airtightness as 

observed in some Mediterranean regulations today and older buildings.  

Occupancy profiles: We identified two categories for internal heat gain 

profiles in offices based on the office density, such as low dense office and 

high dense office. The internal heat gains dynamic profiles account for 

occupancy, lighting and vary throughout the day and week. For the low 

dense office, the internal heat gains are on average 18 W/m2, and for a high 

dense office on average 33 W/m2. 

Shading system: We choose two options, either buildings with window 

shading system where an external screen is controlled for all windows. The 

external screen goes down (on) when solar irradiation on external windows 

exceeds 150 W/m2. The second option is the use of no shading system. 

Orientation: We choose two orientations, west or south, where the largest 

facade is either facing the west or the south directions. 

The corresponding values are documents in Annex F. 
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Table 4 A summary of the parameters used in the modeling and simulation of the 

four typologies.  

  Parameters Office building School building Elderly home Multi-family 

Window to wall 
ratio 

Lower value 20% 20% 20% 20% 

Average value 40% 40% 35% 35% 

Upper value 60% 60% 50% 50% 

Orientation 
(large facade) 

Lower value South South South South 

Upper value West West West West 

Shading System 
Lower value No-Shading 

Upper value External screen is on at 150 (W/m2) 

Envelope 
performance 

Lower 
value 

Envelope U-
value  

0.5 (W/m2/K) 

Window U-
value  

2.5 (W/m2/K) 

Glass g-
value 

0.6 

air-tightness 
n50 

5.0 (h-1) 

Average 
value 

Envelope U-
value 

0.27 (W/m2/K) 

Window U-
value  

1.5 (W/m2/K) 

Glass g-
value 

0.56 

air-tightness 
n50  

2.0 ( h-1) 

Upper 
value 

Envelope U-
value  

0.15 (W/m2/K) 

Window U-
value  

0.8 (W/m2/K) 

Glass g-
value 

0.4 

air-tightness 
n50  

0.6 ( h-1) 

Building mass 
Lower value  (kg/m2) 390 391 392 207 

Upper value (kg/m2) 630 630 630 661 

Internal heat 
gains [213] 

  Office zone 
Classroom 

zone 
Elderly room 

zone 
Apartments 

zone 

Lower 
value 

Density 
1 

Person/20m2 
1 

Student/3.5m2 
___ 

1 person / 
dwelling 

Occupancy 5.0 (W/m2) 21.0 (W/m2) ___ 1.2 (W/m2) 

Lighting 8.0 (W/m2) 8.0 (W/m2) ___ 1.5 (W/m2) 

Appliances 5.5 (W/m2) 4.0 (W/m2) ___ 4.8 (W/m2) 

Total 18.5 (W/m2) 33.0 (W/m2) ___ 7.5 (W/m2) 

Upper 
value 

Density 
1 

Person/10m2 
1 

Student/2.5m2 
1 Elderly/24m2 

3 people / 
dwelling 

Occupancy 10.0 (W/m2) 30.0 (W/m2) 3.0 (W/m2) 3.6 (W/m2) 

Lighting 8.0 (W/m2) 8.0 (W/m2) 3.75 (W/m2) 2.0 (W/m2) 

Appliances 15.0 (W/m2) 4.0 (W/m2) 4.0 (W/m2) 23.0 (W/m2) 

Total 33.0 (W/m2) 42.0 (W/m2) 10.7 (W/m2) 28.6 (W/m2) 

Ventilation flow 
rate 

Constant 36 (m3/h) 36 (m3/h) 50 (m3/h) 

1 (m³/m²/h) 
dwellings 

0.2 (m³/m²/h) 
staircases 

Operative 
temperature 

Constant 23(°C) 23 (°C) 24 (°C) 23 (°C) 
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This Annex documents a proposal for deriving an optimal loads split 

algorithm (OLSA) for Rule Based Control (RBC) named OLSA-RBC. Here 

the RBC is defined as a control strategy which relies on controlling the 

supply water temperature based on the outdoor temperature (i.e. using a 

heating curve). To have the OLSA-RBC, a heating curve is derived from 

the optimal split which is already calculated by the OLSA. Then, the 

heating curve is used within the RC model, the same model as the OLSA, 

and the new split which corresponds to the RBC is calculated. To verify 

the results of the RBC version, an alternative optimization algorithm which 

is a standard optimization solver was used to find the optimal heating 

curves. The verification is presented here.The overall conclusion is that the 

RBC version of the load splitting and can optimally divide the building 

thermal loads between the primary and the secondary system. This 

algorithm can be very practical for conventional control strategies which 

are not using the predictive control for TABS.  

Supply water temperature (TSW) can be estimated using Equation 2-6. TC  

and �̇�PrimSys have been previously calculated with the OLSA and TSW can be 

easily derived from the equation. Rt is the total thermal resistance of the 

piping system which is 0.1 in this study according to [88]. TSW is plotted 

against the running mean outdoor temperature (RMOT) as a common 

practice [105, chapter 7]. RMOT is a weighted weekly average of outdoor 

temperature here calculated based on EN15251 [130]. Figure 4 shows a 

heating and cooing curve can be derived from the results. The upper plot 

is the TSW calculated form the OLSA outputs and the lower plot is a 

hypothetical curve. A line is regressed through TSW which gives two 

constants as below:   

𝑇𝑆𝑊 = 𝐶1 ∗ 𝑅𝑀𝑂𝑇 + 𝐶2   Equation 10 

 

Using Equation 10, the required TSW for each outdoor temperature is 

calculated and used as the control variable. 

 



226  Annex G 

 

Verification: 

There is no guarantee that such a heating curve is a good curve since it is 

derived from a curve fitting. The next step is to find out how good such 

heating curve can perform. To develop a baseline methodology, an 

optimization problem is designed while the variables are C1 and C2 and 

the cost function and the constraints are the same as in the OLSA. A 

standard solver from MATLAB is used for solving the problem as will be 

explained later. Thus, the cost function (obj) is the same as the OLSA to 

minimize the energy use: 

min
C1
C2

 obj = min

C1
C2

∑ [ab (
Q̇PrimSys
k

ηPrimSys
) + ab (

Q̇SecSys
k

ηSecSys
)]    8760

k=1    
Equation 11 

 

Subject to: 

Figure 4 Comparison between regression lines derived from OLSA 

simulations and the theoretical explanation of the heating curve. 
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Q̇PrimSys
k =(TSW

k -TC
k)/Rt  Equation 12 

 

Tsw
k = C1 ∗ RMOTk + C2           Equation 13 

𝑑𝑇𝐶1
𝑑𝑡

=  
(𝑇𝑍 − 𝑇𝐶)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝑇𝐴𝐵𝑆)
+ 

(𝑇𝐶 − 𝑇𝐶1)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝐶𝑜𝑛𝑑)/2
    Equation 14 

 

𝑑𝑇𝐶
𝑑𝑡

=  
(𝑇𝑍 − 𝑇𝐸)

(𝐶𝐸𝑛𝑣𝑅𝐸𝑛𝑣)
 

   Equation 15 

 

𝑑𝑇𝐶1

𝑑𝑡
= 

(𝑇𝑍−𝑇𝐶)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝑇𝐴𝐵𝑆)
+ 

(𝑇𝐶−𝑇𝐶1)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝐶𝑜𝑛𝑑)/2
   

   Equation 16 

 

𝑑𝑇𝑍
𝑑𝑡

=  
(𝑇𝐶1 − 𝑇𝑍)

(𝐶𝑍𝑜𝑛𝑒𝑅𝑇𝐴𝐵𝑆)
+

(𝑇𝐸 − 𝑇𝑍)

(𝐶𝑍𝑜𝑛𝑒𝑅𝐸𝑛𝑣)
+ 
�̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐻𝑒𝑎𝑡

𝐶𝑍𝑜𝑛𝑒

−
�̇�𝑆𝑒𝑐𝑆𝑦𝑠𝐶𝑜𝑜𝑙

𝐶𝑍𝑜𝑛𝑒
−
�̇�𝑡𝑜𝑡𝑎𝑙
𝐶𝑍𝑜𝑛𝑒

 

  Equation 17 

 

𝑑𝑇𝐸
𝑑𝑡

=  
(𝑇𝑍 − 𝑇𝐸)

(𝐶𝐸𝑛𝑣𝑅𝐸𝑛𝑣)
 

  Equation 18 

 

𝑇𝑍 < 𝑇𝑍 < 𝑇𝑍   Equation 19 

 
 

Where ηPrimSys and ηSecSys are assumed fixed and a ratio between them as 

preference factor (PF=2) is used.  All parameters in equations 11 to 19 are 

the same as explained in Chapter 2, except Rt which is the piping 

resistance. Rt is assumed 0.1 m2K/W and is divided by the total surface 

area of TABS to have the total resistance of the TABS. Now, C1 and C2 

are found such that the optimized heating curve to have the optimized 

energy use. A small remark is that the constraint are not linear in this case 

because of the equation 13. In equation 13, an optimization variable (C1) 

is multiplied by a disturbance (RMOT).  

To solve this optimization problem, two MATLAB solvers named 

simulated annealing (shown as SA) and Genetic Algorithm (GA) were used. 

These two solvers are easy to formulate the problem and can converge in 

a broad range of the problems. Figure 5 shows the normalized objective 

function (objective function divided by the total conditioned area) for a 

case study building. It can be observed in Figure 5 that the total energy 

use of the case study is very similar for the three scenarios. OLSA is the 

calculated heating curve from the OLSA outcomes. SA and GA are using 
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simulated annealing and genetic algorithm solvers to find optimal heating 

curve. 

  

 

Figure 5 Comparison between the optimal energy use using heating curves 

estimated with MATLAB solvers and the OLSA. 
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We choose one office building typology with a fixed geometry and varied 

the building physical properties such as the climate, thermal insulation and 

air tightness level, orientation, shading type, and internal heat gains, which 

results in 9 different case studies. Geometrical properties and physical 

parameter values of the selected case are summarized in the Table 5 and 

Table 6. 

 

Table 5 Dimension of the building and g

. 

 

 

 

 

 

 

 

Dimensions 
 

a [m] 15.5 

n 2 

h1 [m] 3.22 

L [m] 57 

b [m] 39 

Geometrical variables 
 

Area [m2] 2390 

Volume [m3] 8532 

Heat loss surface area 

[m2] 

4325 

Height [m] 6.4 

Number of floors 2 

Window to wall ratio 

[%] 

38 

Compactness 1.9 

Figure 6 Geometrical shape of the nine case studies used in this book during 

verification steps where n is the number of floors and h1 is the height of 

each floor. 
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Table 6 . 

 U-value 

opaque 

[W/m2/ K] 

U-value 

windows 

[W/m2/ K] 

Airtightness 

at n50 value 

1/h 

High 0.15 0.80 0.6 

Medium 0.27 1.5 2.0 

Low 0.50 2.5 5.0 
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