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Abstract 

Detailed building models allow the HVAC designers to 

find optimal solutions. However, more complexity in 

modelling will also result in more efforts for the designers 

in the component sizing procedure specially when the 

optimal design of the system is highly depended on the 

control system. In Thermally Activated Building Systems 

(TABS), which are embedded pipes in the concrete of the 

building structure, the role of control is pivotal and thus 

the control has to be simulated during the design. 

Therefore, the building model and optimal control has to 

be coupled to an optimisation algorithm for optimal 

component sizing. This results in a computationally heavy 

design procedure. This paper addresses the need for a for 

a simplified methodology for modelling building with 

TABS. The dynamic heating and cooling loads of the 

building is calculated by a white-box detailed Modelica 

model and later used in an equivalent simplified resistor-

capacitor (RC) model. The simplified model was 

developed by the grey-box approach and the parameters 

of RC model were estimated by inverse modelling 

approach. The methodology was applied on three 

different case studies and the results imply that the 

developed methodology can be confidently coupled to an 

optimal control algorithm to be used for sizing HVAC 

components optimally.   

Key Innovations 

• An automated algorithm for simplified dynamic 

modelling of building with TABS 

• Taking the advantage of white-box modelling to 

have high accuracy 

Practical Implications 

A simplified modelling approach is proposed to simulate 

TABS and building interactions. The methodology can 

be efficiently integrated to the optimal design 

methodologies due its low mathematical complexity. 

Introduction 

Building energy simulation (BES) modelling methods are 

intensively and constantly improved. Programs such as 

Modelica, TRNSYS, and EnergyPlus  provide means for 

modelling and simulating building energy performance. 

They help the designers to simulate complex buildings 

with high accuracy. However, higher complexities in 

modelling increase the computational time and the 

modellers’ effort. In the pre-design stage of conventional 

heating, ventilation, and air-conditioning (HVAC)-

systems, either steady state heat loss calculations can be 

used or dynamic simulations can be run with a simple 

control system, assuming that the control strategy is not 

effective on the component sizing. However, in 

Thermally Activated Building Systems (TABS) the 

control plays a very important role and has to be 

considered in the design procedure (Gwerder et al., 2008). 

To continue with the problem statement, first TABS is 

introduced. 

TABS is using the construction of the building to store 

and release energy. The energy from production units 

such as a heat pump is transferred to the fluid that is 

flowing into the pipes embedded in the structural heavy-

weight slabs or walls of the building (Babiak et al., 2006). 

On the one hand, TABS has a high thermal inertia 

together with a high heat transfer surface area making it 

very suitable for low-exergy sources such as geothermal 

energy. On the other hand, high thermal inertia brings a 

high response time of TABS to the control signals. By 

that, if sudden changes happen to the thermal loads of 

building, e.g. resulting in a significant increase in heat 

gains, TABS cannot cover them in an efficient way. 

Therefore, a secondary fast-reacting system could be used 

to assist in providing thermal comfort. Such a  

combination of TABS, GEOthermal heat pump, and 

secondary emission and/or production system makes a 

hybrid system called hybridGEOTABS as drawn in 

Figure 1. (Boydens et al., 2021). 

 

Figure 1 schematic of an example of hybridGEOTABS 

(Boydens et al., 2021) 
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Picard and Helsen (2018) investigated the optimal design 

of the hybridGEOTABS components based on steady 

state design standards. However, TABS has a high time 

constant due to its high thermal inertia and thus the system 

mostly works in transient conditions (Sharifi, 2019a). 

Steady sate calculation methods result in an 

overestimation of the HVAC components size (Sharifi et 

al., 2020). Therefore, the dynamic behaviour of the 

system has to be simulated when sizing the primary and 

the secondary system to take their interaction into account 

(Sharifi, 2019b).  An optimal control such as model 

predictive control (MPC) can optimise the interaction of 

both systems in providing thermal comfort (Sourbron, 

2012). MPC can increase the system efficiency and 

decrease the energy uses. Moreover, MPC has shown a 

great potential in using the TABS thermal inertia for peak 

shaving and load shifting (Boydens et al., 2021). When 

the predicting ability of MPC and the energy storing 

ability of TABS are combined, one could argue that the 

installed system power could be downsized. Jorissen et 

al., (2018) investigated the optimal design of 

hybridGEOTABS with a control integrated methodology. 

The results showed a remarkable potential in downsizing 

the components by integrating MPC in the design 

procedure. However, integrating the optimal control and 

design in a procedure using a detailed building and control 

model makes the algorithm computationally very 

expensive (Jorissen, 2018). If a complex building model 

with thousands of differential equations is coupled to an 

optimization algorithm when MPC is also deployed, and 

the simulation is run for one year, the procedure needs 

modelling and optimisation experts which seems 

impractical for every designer (Sharifi et al., 2020). 

Therefore, there is a need for a simplified and accurate 

approach for developing an integrated model of TABS 

and the building to be replaced with the detailed white-

box model in the hybridGEOTABS components sizing. 

This paper suggests a methodology for simplification of 

the integrated TABS and building modelling task.  

In the methodology section the white-box approach for 

modelling the building with TABS is mentioned to be 

used for developing the architecture of the simplified 

model. Accordingly, the grey-box approach is picked to 

simplify the mentioned white-box model when the 

parameters of the model are optimally estimated with 

genetic algorithm (GA). The suggested methodology is 

applied on three cases studies and the results are reported 

and discussed.  

Methodology 

Literature 

There are three general methods for developing the 

building models: black-box, white-box, and grey-box 

models. The black-box models are data driven meaning 

that the model predicts the behaviour of the system based 

on the available measurement data from previous periods 

(Ruano et al., 2006). Therefore, black-box models can be 

developed after the building is built when the data from 

measurements are available. The white-box approach is 

entirely based on physical models, that are energy and 

mass balance equations in this case. Accordingly, 

different layers of walls, floors, shading systems, 

orientations, etc. with their interactions are modelled 

based on their physical properties making a detailed 

model (Jorissen 2018).  Alternatively, in the grey-box 

approach a combination of the two previous approaches 

is used. To obtain a grey-box model a prior knowledge 

about the system physics and data analysis are required to 

develop the architecture of the model (Bacher et al., 

2011). Then, the parameters value are accordingly 

estimated with the approaches used in the black-box 

modelling. Grey-box modelling enables the designer to 

grasp part of crucial behaviour of the system which might 

be missed by simplifications in the architecture in 

comparison to the white-box modelling.  

We investigate detailed integrated models of building and 

TABS with the aim of choosing the architecture of the 

final simplified RC model. Next, we develop and use a 

parameter estimation algorithm for finding the optimum 

values of the resistor and capacitors of the model.  

Detailed model 

The model architecture is addressed as the first issue in 

the grey-box approach. The architecture is designed based 

on simplified structure derived from a cognitive 

knowledge of the system physics. Therefore, a building 

with TABS is briefly explained here.  

Integrated models of TABS and buildings in different 

programs such as Modelica have been developed and 

validated (Nageler et al., 2018). However, such integrated 

models cannot be easily used in a control and design 

integrated methodology. The designer has to be an expert 

in modelling and optimization techniques to set up the 

optimal control and design problem (Jorissen 2018). 

Additionally, the problem formulation and solution will 

be case specific. Gwerder et al. (2008) developed and 

validated an integrated RC model for TABS and building 

zones (Figure 2). Corresponding to the physics of the 

TABS, the left side of the figure is representing the 

modelling of conductive heat transfer in the concrete slab. 

The right side is showing the model of the heat transfer in 

the building with indication of the heat losses and gains. 

Some additional information about the building is needed 

for using such model. For instance, q̇g (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 

etc. Lehmann et al. (2013) address the same research 

question how to integrate an accurate building model to 

TABS model to be used in MPC. They propose a 

simplified model and explain how the original model 

proposed by Gwerder et al. (2008)  can be expanded on 

the building side. Alternatively, the building heat losses 

and gains can be calculated with existing programs such 

as Modleica, using a white-box model which is more 

accurate than simplified models. By that, the designer can 

save much time and efforts in modelling by using 

previously validated and built-in libraries of components 

such as IDEAS (Jorissen et al., 2018). Moreover, dynamic 
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heating and cooling loads of a variety of buildings and 

building properties can be simulated once and made 

available for HVAC-design purposes, allowing the 

designer to find the building case that fits closest to the 

project at hand (Mahmoud et al., 2019). This feature is 

interesting for developing a general design methodology 

when an automated algorithm is used for modelling the 

building with the data from such a building database. 

Mahmoud et al. (2020) elaborated on the creation of this 

building database. An ideal heating and cooling system is 

used to calculate the heat losses and gains of the building. 

The ideal system injects/rejects heat to/from the zones so 

that the temperature is kept as the set point, in this case 23 

°C. The outcome of the ideal system is considered as the 

pure heating or cooling hourly loads of the building, also 

called �̇�𝑡𝑜𝑡𝑎𝑙 in this document. �̇�𝑡𝑜𝑡𝑎𝑙  contains all the 

building loads including heat gains and losses from the 

envelope, solar gains, internal gains.  

 

  

Simplified RC Model 

The RC model of TABS was also already simplified and 

lumped to a second order RC model validated by Gwerder 

et al. (2008) and later Sourbron (2012). 

Berthou et al. (2014) and Harb et al. (2016) investigated 

different simplified building model architectures with 

different complexities and concluded that the model with 

two capacitors can properly predict the building thermal 

capacity and accordingly the zone temperature to be used 

for HVAC design purposes. Therefore, in this study a 

second order RC model as shown in Figure 3 is used for 

predicting the dynamic thermal behaviour of the building. 

The thermal mass of the building envelope is lumped to 

one capacitor called CEnv. CEnv  captures the long-term 

thermal behaviour of the building. The thermal mass of 

the air in the building zones is lumped to one capacitor 

named CZone. CZone captures the short term thermal 

behaviour of the building.  

We then integrate the heating and cooling emission 

systems to the RC model. As seen in Figure 3 the 

secondary system, for example a fan coil unit (FCU), is 

considered to assist TABS for covering the building heat 

loads. The secondary system power (Q̇SecSys) is injected 

to the zone capacitor directly to rapidly provide thermal 

comfort if TABS cannot achieve that. Sharifi et al. 

(2019a, 2019b) elaborated the interactions between TABS 

and the secondary and the key factors to be considered 

even in a simplified model. 

 

 

The continuous state-space equations of the system are:  

𝑑𝑇𝐶

𝑑𝑡
= 

(𝑇𝐶1−𝑇𝐶)

(𝐶𝑇𝐴𝐵𝑆1𝑅𝐶𝑜𝑛𝑑)/2
+ 

�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠

𝐶𝑇𝐴𝐵𝑆1
  Equation 1

   

𝑑𝑇𝐶1

𝑑𝑡
= 

(𝑇𝑍−𝑇𝐶)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝑇𝐴𝐵𝑆)
+ 

(𝑇𝐶−𝑇𝐶1)

(𝐶𝑇𝐴𝐵𝑆2𝑅𝐶𝑜𝑛𝑑)/2
 Equation 2 

𝑑𝑇𝑍

𝑑𝑡
= 

(𝑇𝐶1−𝑇𝑍)

(𝐶𝑍𝑜𝑛𝑒𝑅𝑇𝐴𝐵𝑆)
+

(𝑇𝐸−𝑇𝑍)

(𝐶𝑍𝑜𝑛𝑒𝑅𝐸𝑛𝑣)
+ 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠

𝐶𝑍𝑜𝑛𝑒
−

�̇�𝑡𝑜𝑡𝑎𝑙

𝐶𝑍𝑜𝑛𝑒
  

Equation 3 

𝑑𝑇𝐸

𝑑𝑡
= 

(𝑇𝑍−𝑇𝐸)

(𝐶𝐸𝑛𝑣𝑅𝐸𝑛𝑣)
    Equation 4 

And accordingly continuous  state-space matrices and 

then discretised (see Annex A) are derived and used in the 

parameter estimation.  

Methodology for parameters estimation  

As mentioned earlier the parameter values for the RC 

model of TABS are based on physical parameters of the 

TABS with acceptable accuracy (Sourbron 2012). 

Therefore, RCond, RTABS, CTABS1, and CTABS2 are calculated 

as follows:  

CTABS1=L1* cConcrete* ρConcrete*ATABS  Equation 5 

L1  is the thickness of TABS below the pipes as seen in 

Figure 3 and ATABS is the area of the floor covered by 

TABS.  

CTABS2=L2* cConcrete* ρConcrete*ATABS  Equation 6 

L2 is the thickness of TABS which is between the pipes 

and the zone in Figure 3. cConcrete is the specific thermal 

capacity of concrete and ρConcrete is the density of concrete.  

Figure 2 The RC model of Gwerder et al. (2008) 

Figure 3 Schematic of the RC model used in this study  
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Rcond= L2/ (hcond *ATABS)   Equation 7 

Rrad+conv= 1/[( hrad+conv)* ATABS]     Equation 8 

RTABS= Rcond + Rrad+conv   Equation 9 

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 (Shinoda et al., 2019). 

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 sides, the TABS surface area is doubled 

(Shinoda et al., 2019).  

The other parameters, CZone, CEnv, and REnv, are estimated 

with inverse modelling technique in which the model 

parameters are estimated with the aim of minimizing the 

deviation between validated data 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 =∑ 𝑎𝑏𝑠(𝑦𝑉
𝑖𝑇

𝑖=1 − 𝑦𝐸
𝑖 )   Equation 10 

Subject to : 

𝑥𝐸
𝑖+1 = 𝐴𝑑𝑥𝐸

𝑖 + 𝐵𝑑𝑢𝑖 + 𝐸𝑑𝑑𝑖  Equation 11 

𝑥 < 𝑥 < 𝑥    Equation 12 

Here we show how the parameters are finally estimated 

by solving this optimisation problem.  In the cost function 

in equation 10, yV is the validated output and yE is the 

estimated output and T is the period of the simulation. 

Equation 11 shows the discretised state-space matrices 

derived from the continues system differential equations 

explained in Annex A. Equation 12 shows the constraints 

of the optimisation algorithm which are maximum and 

minimum allowed temperatures for the zone. 

T and y are chosen considering the purpose of developing 

the model. We use a one-year period in this study because 

the model is estimated for the design purposes. Hence, we 

need to minimise the error in heating, cooling, and 

intermediate seasons. Similarly, as the indicator that has 

to be compared, y is the ideal heating and cooling demand 

of the building. We need to be able to predict the ideal 

heating and cooling demand of the building with the 

simplified model accurately. Here, the ideal demand 

means the heat that is needed to keep the zone temperature 

within the constraint as in equation 12 (𝑥 =21 °C and 

𝑥=25 °C in this case). The temperature range is not 

threatening the generality of the methodology, but it 

should be wide enough to enable the estimation procedure 

to sense the thermal capacity of the system and imitate it 

with its estimated parameters. In this step no heat is 

injected to TABS by the primary system which means the 

secondary system is used to cover the demand entirely. By 

that, we focus on the building part of the model. However, 

the TABS model is incorporated and the thermal mass of 

the TABS is considered. This is crucial because the 

interaction of TABS and the building mass must be 

included in the parameter estimation. Note that in the 

detailed model the thermal capacity of TABS was also 

incorporated by taking the high thickness of concrete into 

account. After all, y is considered as follows: 

𝑦𝐸
𝑖 = 𝑄𝑆𝑒𝑐𝑆𝑦𝑠

𝑖     Equation 13 

𝑦𝑉
𝑖 = 𝑄𝐼𝑑𝑒𝑎𝑙

𝑖     Equation 14 

This means that in the validated 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 validated model. Therefore, these 

two systems can be compared in the validation step.   

In equation 11, u is the control vector and d is the vector 

of disturbances which is the building heating and cooling 

loads (�̇�𝑡𝑜𝑡𝑎𝑙). xE is the vector of estimated states 

(temperatures) and Ad, Bd, and Ed are the discretised state 

space matrices of the system as explained earlier. Ad 

contains the values of capacitors and resistors of the 

model. As mentioned earlier, the optimization algorithm 

has to find the best values for CZone, CEnv, and REnv to 

minimise the objective function. This results in changing 

the values in Ad in the optimisation algorithm. However, 

this approach makes the methodology very case specific 

because the values cannot be used for another case and 

have to be estimated for each building or even each zone 

separately. To make the methodology more general, we 

relate the absolute value of the parameters to the physical 

features and multiply them by a coefficient. We then 

estimate the coefficients by the optimisation algorithm. 

Finally, the RC model parameters are estimated with: 

𝐶𝑍𝑜𝑛𝑒 = 𝐹1 ∗  𝑐𝑎𝑖𝑟  ∗  𝜌𝑎𝑖𝑟 ∗ 𝑉𝑍𝑜𝑛𝑒   Equation 15 

𝐶𝐸𝑛𝑣 = 𝐹2 ∗  𝑐𝑤𝑎𝑙𝑙  ∗  𝜌𝑤𝑎𝑙𝑙 ∗ 𝑉𝑊𝑎𝑙𝑙   Equation 16 

𝑅𝐸𝑛𝑣 = 𝐹3/(𝑈 ∗ 𝐴𝑤𝑎𝑙𝑙)    Equation 17 

VZone is the volume of the air in the building which is 

roughly estimated by multiplication of the conditioned 

surface area and the height. VWall is the volume of the 

external walls which is approximated by the total wall 

surface area Awall and the thickness of the walls. 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 optimisation 

variables in  equation 10 are estimated by an optimisation 

algorithm to minimise the objective function j.  
Genetic algorithms (GA) have eminently chosen by 

researchers for parameters estimation in the literature, for 

it is applicable on various types of optimisation problems. 

(Xu et al., 2007). Advantages such as having an easy 

problem setup, being computationally efficient, freely 

accessible with built-in function in programs like 

MATLAB are listed as the main reasons why GA is 

chosen by different scholars and why it is used in this 

study. The schematic of the general estimation procedure 

including GA estimator is shown in Figure 4. The dark 

boxes are repeated in the optimization loop until the 

convergence criteria is met and finally optimal values of  

F
1
, F

2
 and F

3 are reported.  
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Implementation 

The proposed methodology directly relates the parameters 

F1, F2, and F3 to the geometrical parameters Awall, Vzone, 

U, etc. according to equations 15, 16 and, 17. However, 

some other parameters such as climate, window to wall 

ratio, internal gains, solar gains etc. might be also 

effective (Sourbron 2012). This is a natural question 

appearing in the grey-box modelling approach. Some 

complexities of the system were neglected to achieve 

simplicity and the question is how the simplifications 

affect the results. This question is answered during the 

implementation of the methodology. Three case studies 

are assumed in different climates with different window 

to wall ratio, internal gains and other differences in the 

parameters as listed in Table 1. Different geometrical 

properties of the case studies  are also listed in Table 2. 

However, to keep the modelling task feasible, a similar 

prototype with three floors and the same zoning strategy 

is used in all the three cases as seen in Figure 5. The 

building general geometrical parameters like length, 

height, and width as well as the thermal properties are 

then differentiated to make different building case studies 

as Mahmoud et al. (2020) elaborated.  

The entire methodology could be applied on different 

zones, all buildings, or variety of buildings. In this paper 

we aim at investigating the accuracy of the methodology 

when the same coefficients are applied on different 

buildings. This could give a holistic approach and the 

designer does not need to repeat the estimation procedure 

every time. To this aim, the estimation algorithm was then 

applied on the three cases at once. In other words, the  

coefficients F1, F2, and F3 are found in a way that the 

error is minimised in the 3 case studies. In terms of clarity, 

the objective function becomes as follows:  

 𝑚𝑖𝑛
𝐹1,   𝐹2,   𝐹3   

𝐽 =∑ [∑ 𝑎𝑏𝑠 (𝑦𝑉
𝑖𝑇

𝑖=1 − 𝑦𝐸
𝑖 )]𝑘3

𝑘=1  Equation 18 

Subject to the same constraints as before. All the 

parameters were already introduced except k which 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. 

Table 1 Properties of the 3 case studies for validation 

Zone No. case 1 Case 2 case 3 

1 89 89 89 

2 415 479 407 

3 172 199 169 

4 415 479 407 

5 89 89 89 

6 865 422 474 

 

Table 2 Different zones in each case (m2) (note that zone 

6 is only on the Ground Floor) 

parameter Case 1 Case 2 Case 3 

climate Madrid Warsaw Brussels 

U-value (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 

 

 

Results and discussions 

The parameter estimation algorithm was applied on the 3 

case studies. The algorithm outputs are F1= 3.15, F2=0.15 

and F3=0.1 for the coefficients. In the result section other 

outputs of the algorithm are investigated.  

Heating and cooling loads comparison 

As seen in Figure 4 the estimation procedure has to 

calculate the �̇�𝑆𝑒𝑐𝑆𝑦𝑠 as the estimated output and compare 

it with �̇�𝑖𝑑𝑒𝑎𝑙  which is calculated with the Modelica model 

as the validated output. The difference between these 

values are first investigated because minimising J does 

not guaranty that J is in fact low. Figure 6 compares the 

estimated and validated time series of building thermal 

loads. The residuals are also reported in the figure for the 

�̇�𝑡𝑜𝑡𝑎𝑙 

No 

�̇�𝑖𝑑𝑒𝑎𝑙 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠 
Running 

simulation with 

Modelica model 

and ideal heating 

and cooling  

Detailed White-

box building 

envelope model is 

made 

Start 

F1, F2, F3  
are reported 

End j accepted? 

Random initial 

Guess for  F
1 
, F

2 
, F

3
 

Running simulation with the RC 

Model to find �̇�𝑆𝑒𝑐𝑆𝑦𝑠 

 

 j is calculated  

Yes 

New guess 

for F
1
, F

2
, F

3 

are 

generated 

with GA 

estimator 

F1, F2, F3 

Figure 4 Flowchart of the parameter estimation 

methodology  

Figure 5 Different zones and floors in the case studies 

(the middle floor has the same layout as the top floor) 
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three cases. As seen, the behaviour of the estimated and 

validated parameter are generally close. The residuals are 

relatively smaller in case 3 especially in cooling mode. 

Moreover, the residuals are generally smaller in cooling 

mode than heating mode. The periods with the highest 

errors are the intermediate seasons when the thermal 

capacity of the building is used more. The difference 

between the errors in the different cases are related to the 

different climates of the cases. Therefore, it can be 

concluded that having climate specific coefficients can 

increase the accuracy. 

Operative temperature 

The temperature in the building is not directly 

investigated in the model parameter estimator but it is a 

relevant parameter to be checked. A specific investigation 

procedure is developed as seen in Figure 7 to evaluate the 

indoor operative temperature for all the zones in the three 

case studies. This temperature is the operative 

temperature calculated by the Modelica model called TZV. 

Note that TZV is not exactly corresponding to the TZ in the 

simplified model because the operative temperature 

cannot be calculated with the simplified model. However, 

still it is the most relevant temperature to be compared 

with TZ (Sourbron, 2012). As the methodology was 

mainly developed for building TABS integrated model, 

we investigate the temperature when TABS is also used 

for heating and cooling. In this regard, the RC model is 

coupled to an optimal control and �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and �̇�𝑆𝑒𝑐𝑆𝑦𝑠 

are calculated and the calculated time series are injected 

in the Modelica model. Then it can be evaluated whether 

they are able to keep the temperature of the zones in the 

Modelica model within the desired temperature bound, 

which is 21°C and 25°C in this case. The optimality of 

energy use here is not the target and thus not discussed.  

The distribution of the operative temperatures in all the 

zones and all the three case studies for the entire year are 

shown in boxplots in Figure 8. It can be concluded from 

the graph that the thermal comfort can be achieved with 

the simplified model. Figure 8 shows that the temperature 

in all the 3 cases and all zones is never higher than 26 °C 

and lower than 20 °C. Moreover, it is observed that the 

operative 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 

The RC model is coupled 

to an optimal control to 

calculate �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and 

�̇�𝑆𝑒𝑐𝑆𝑦𝑠  to keep T
Z
 

between 21 and 25 °C 
�̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and �̇�𝑆𝑒𝑐𝑆𝑦𝑠 are 

injected to the Modelica model 

The �̇�𝑡𝑜𝑡𝑎𝑙 is calculated 

with detailed White-box 

model  and ideal  control 

End Start 

Instead of the ideal control system, 

calculated �̇�𝑃𝑟𝑖𝑚𝑆𝑦𝑠 and �̇�𝑆𝑒𝑐𝑆𝑦𝑠 

with the RC model are injected to 

the Modelica model to calculate T
ZV

  

T
ZV   

is reported  

�̇�𝐏𝐫𝐢𝐦𝐒𝐲𝐬    & �̇�𝐒𝐞𝐜𝐒𝐲𝐬 

�̇�𝐭𝐨𝐭𝐚𝐥     

Figure 7 The operative temperature evaluation 

flowchart 

Figure 6 Comparison between estimated (�̇�𝑆𝑒𝑐𝑆𝑦𝑠) and validated (�̇�𝑖𝑑𝑒𝑎𝑙) optimisation parameters for the three case 

studies for the optimum F1,F2, and F3 with the GA parameter estimator 

RSMD=7.2 

RSMD=10.4 

RSMD=4.5 
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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 loads because it is not well insulated and it has 

high heat gains and solar radiations. This can relate the 

error of the methodology to the building thermal loads as 

well.  Among all the zones, zone 6 in all the cases has the 

highest rate of overshooting. Again, this relates the error 

of the methodology to the heat loads because 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 centre 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.  

The methodology seems appealing to be used in the 

HVAC component sizing in the building level when the 

behaviour of different zones are aggregated. in this 

regards, the methodology seems practical since the pre-

design methodology of the HVAC is conducted mostly in 

the building level. Moreover, the energy use in the zone 

and the building scales could be of interest. Additionally, 

the error in the prediction of the operative temperature and 

concrete core temperature must be investigated in detail.  

Conclusion 

A simplified methodology for modelling the thermal 

behaviour of buildings with TABS was developed and 

investigated. The methodology uses dynamic heating and 

cooling loads of the building, calculated with a Modelica 

built-in library, and emulates the thermal behaviour of the 

buildings with simplified RC model. The parameters 

value of the simplified RC model was related to the 

building properties using some coefficients. Then, the 

coefficients were estimated by inverse modelling 

technique by using genetic algorithm. By that, the 

parameter estimation doesn’t need to be repeated for each 

building which makes the outputs practical to be used and 

tried by other researchers. The entire methodology was 

applied on three case studies and the results proved that 

the simplified RC model can replace the complex building 

model during the sizing of HVAC components. This 

allows the designer to incorporate the dynamic thermal 

behaviour of the building and TABS in the design 

procedure and use mathematical optimisations in order to 

simulate and size the components optimally. Moreover, 

the same coefficients could be used in different buildings 

since the three case studies had a good variation of the 

building parameters. Further investigation about the error 

of the methodology, sensitivity analysis of the 

coefficients, and relation between the error and buildings 

parameters are useful. The methodology as such is not 

appropriate for model based control applications. 
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Annex A 
𝑑𝑇

𝑑𝑡
= 𝐴𝐶𝑇(𝑡) + 𝐵𝐶𝑢(𝑡) + 𝐸𝐶𝑑(𝑡)   

𝑇 = [𝑇𝐶 𝑇𝐶1 𝑇𝑍 𝑇𝐸]𝑇    
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𝑢𝑖 = [𝑄𝑃𝑟𝑖𝑚𝑆𝑦𝑠
𝑖 𝑄𝑆𝑒𝑐𝑆𝑦𝑠

𝑖 ]
𝑇

   

𝐸𝐶 = [0 0
−1

𝐶𝑍𝑜𝑛𝑒
0]

𝑇

      

𝑑 = �̇�𝑡𝑜𝑡𝑎𝑙      
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