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Abstract 

Reduced grey-box models are useful for performing rapid 

energy calculations, but they should be adapted to the 

specificities of office and tertiary buildings. In this work, 

a grey-box RC model for an office building was 

developed, and calibrated against a white-box model 

which was itself validated using historical data from the 

real building. The results showed that the proposed RC 

model can represent with high fidelity the thermal 

behaviour of the offices, with an RMSE of 4% or less. The 

model presents a better fitting when some of its 

parameters are differentiated between the heating and 

cooling modes. 

Key Innovations 

 A grey-box RC model was developed specifically 

for office buildings. 

 The parameter identification process for that model 

included the creation and fitting of an intermediate 

white-box model. 

 The R6C2 model represents the behaviour of the 

office building with high fidelity. 

 It is preferable to distinguish the heating and cooling 

modes for the RC model, according to the results. 

Practical Implications 

The results show that the proposed R6C2 model is 

sufficient to represent well the dynamic behaviour of an 

office. It is preferable to distinguish two versions of the 

model, in heating and cooling mode, for a better fitting. 

Such models can then be integrated in predictive controls, 

district energy calculations, fault detection algorithms, or 

energetic audits after energy-efficiency improvement 

measures. 

Introduction 

Reduced models (oftentimes called black and grey box 

models), allows for high precise results of the energetic 

behaviour of buildings, with a lower resource demand 

than more extensive white-box models. Given their 

potential, a large amount of research has been produced 

in recent years to develop such simple models (De 

Coninck, Magnusson, Akesson, & Helsen, 2015), with the 

end purpose of performing quick energy demand 

calculation (Perez, Riedere, Inard, & Partenay, 2015), or 

for integration in predictive control schemes (Fraisse, 

Virgone, & Roux, 1997). In this line, offices and tertiary 

buildings represent a large and interesting area of 

application for such models (De Coninck & Helsen, 

2016), given that they have a much higher energy 

intensity than residential buildings, they tend to be 

refurbished more often and monitored more closely, and 

they represent the second largest building stock after 

residential in terms of surface. The present work aims at 

developing and adapting simplified models to the 

specificities of office buildings, to obtain reliable energy 

calculations and predictions. Such models, provided that 

they are thoroughly validated and tested, can be used for 

fast energy demand calculations, integration into overall 

building management system (that most office buildings 

already have), predictive controls, fault detection 

algorithms for predictive maintenance, or evaluation of 

the impact of energy performance measures. 

A large part of the existing literature focuses on reduced-

order models for residential buildings. Office buildings 

possess some distinct characteristics, which must be taken 

into account when designing a reduced model. The 

internal gains from equipment, people and solar 

irradiation take larger values for this building typology, 

therefore the cooling demand is usually more important 

than in residential buildings. This is particularly relevant 

in the Mediterranean area, where the cooling demand 

might then represent the critical demand, while in the 

same region the heating demand is more critical for 

residential buildings. Furthermore, offices always have 

mechanical ventilation, which is not the case of most 

houses in Southern Europe. Finally, the occupancy 

schedule is more steady and less stochastic, dictated by 

opening office hours, with an exact opposite occupancy 

compared to a standard dwelling (i.e. occupants are 

usually at work when they are not at home), and larger 

non-occupancy periods (weekends).  

To take into account these specificities, a grey-box model 

was developed, taking as starting point the resistance 

capacitance (RC) model described in ISO 13790, and 

modified with more detailed infiltration and ventilation 

gains. The resulting model has a R6C2 structure. Even 

though such reduced models are also being developed for 

tertiary use, the research is still being carried out at 

academic level (TRL 2-4) for Mediterranean locations, 

and still without immediate market applications. For this 

reason, the proposed model was tested in a real case study 

of a Spanish office building. The RC model is first 

described in the next section, then the Methods section 

exposes the study case, the white box model and the grey-

box model identification process. Finally, in the results 
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section, the identification results in different cases are 

presented.  

Description of the RC grey-box model 

Resistance-capacitance (RC) grey box models present a 

simplified method for evaluating the energy performance 

of buildings. The models use states that represent the 

temperature of characteristic elements of the building. 

The resistances represent the conduction, convection, and 

radiation heat exchange between states and boundary 

conditions, while the capacitances represent the thermal 

inertia of the elements. Finally, each state can contain 

direct energy inputs/outputs representing heat supplied or 

removed from HVAC systems, internal gains, or solar 

radiation. 

The structure and definition of the states of a RC network 

can be customized to model the building at different 

degree of detail. The challenge consists on defining the 

model structure and parameters values that adequately 

represent the behaviour of the building. 

Previous research showed that RC models with two 

resistances, and two capacitance (R2C2) had good 

accuracy for modelling the temperature profiles and 

heating demand of a residential dwelling (Péan, Costa-

Castelló, Fuentes, & Salom, 2019) and would be 

representatives of the building stock of Catalonia (Salom 

& Romaní, 2018). However, even though this model has 

good precision in residential typologies it has limitations 

to represent the complexity present in tertiary buildings. 

In this same aspect there are various examples of 

researches with more complex RC models that could 

efficiently characterize the behaviour in offices and other 

tertiary buildings based in the ISO 13790 (ISO, 2008), but 

which might not represent well the specificities of 

building typologies and climates of the Mediterranean 

area. To conduct this work a RC model with six 

resistances and two capacitances (R6C2) was developed 

also based on the ISO 13790 to include some variables not 

represented in the original model. 

The model is characterized by three temperatures states: 

the air temperature inside the zone 𝜃𝑎𝑖𝑟 , the intermediate 

star temperature 𝜃𝑠𝑡 and the building mass temperature 

𝜃𝑚. The air node is associated with the thermal capacity 

𝐶𝑎𝑖𝑟 , which does not exist in the ISO model, and the mass 

node with the capacity 𝐶𝑚, while the star node is massless. 

Having an additional capacity for the air node enables to 

cover also the short-term dynamics of the temperature 

evolution in the building, not only the long-term 

variations of the whole mass. The other temperatures of 

the model are the outdoor temperature 𝜃𝑎 and the 

ventilation supply air temperature 𝜃𝑠𝑢𝑝. The six 

resistances of the model represent the heat transfer 

through opaque elements with 𝐻𝑡𝑟,𝑒𝑚 and transparent 

elements with 𝐻𝑡𝑟,𝑤, the heat transfers between nodes 

with 𝐻𝑡𝑟,𝑖𝑠 and 𝐻𝑡𝑟,𝑚𝑠, and the heat transfer through 

ventilation with 𝐻𝑣𝑒𝑛𝑡 and through infiltration 𝐻𝑖𝑛𝑓 . The 

latter is also a novelty from the standard ISO model since 

infiltration is particularly relevant in energy-intensive 

buildings (Pascual, Camara, Ivancic, Tavan, & Casanova, 

2013), and it links directly the air node and the outdoors. 

The different heat flows represent the heat internal gains 

𝜙𝑖𝑛𝑡, the solar gains 𝜙𝑠𝑜𝑙  and the direct heating or cooling 

from the HVAC systems 𝜙𝐻𝐶, which are distributed to the 

three nodes, their expressions are reproduced on Figure 1 

and the full details of the symbols can be found in the 

standard 

 
Figure 1. Representation of the chosen RC model. 

Methods 

The present work was developed by carrying out the 

following tasks: i) develop a white-box model in 

TRNSYS based on constructive information of the 

building study case, ii) validate this white-box model with 

historical data measured in the real building, iii) produce 

datasets with this white-box model, iv) identify the grey-

box model using these new datasets. The intermediate 

white-box model enables to excite the building so as to 

obtain more interesting datasets for the grey-box model 

identification. In the following subsections, the building 

study case is first described, then the adjustment of the 

white-box model and finally the reduced model 

identification methodology.  

Building study case 

The study case for the present paper is an office building 

situated in Manresa, Spain, with a total of 4200 m2. The 

volume is a rectangular prism with three covered patios, 

divided into three levels that enclosed the different 

activities, mainly laboratories, offices, docks and 

services, as shown in Figure 2.  

The study focuses on one office zone of this building, 

situated just below the machine room on the roof which is 

visible in Figure 2. It was chosen to consider a specific 

zone instead of the whole building, for the following 

reasons: i) the available monitored datasets are related to 

a single specific zone, ii) the reference case is a building 

with several uses, including not only conventional office 

zones, but labs or large non-conditioned zones, and iii) the 

goals of the analysis are related to establish the detailed 

behaviour of occupied zones, rather than the overall 

building energy consumption.  
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The white-box model has been developed considering this 

assumption, for instance using a single zone for all the 

inner spaces of the first floor, which is not conditioned, 

and modelling in more details the studied zones and the 

zones adjacent to it. The geometry of the building was 

drawn in SketchUp and the white-box model developed 

in TRNSYS 18. Regarding the constructive solutions, the 

structure is made of concrete slabs and steel beams, with 

a U-value of 0.32 W/m2K for the roof and external walls, 

while the external windows have a U-value of 1.3 W/m2K 

and g-value of 0.53. The facades are protected by an 

external aluminium mesh with openings between 20% 

and 40% therefore an external shading with a value of 0.6 

was incorporated in the TRNSYS model. The internal 

gains have been modelled using information provided by 

the building owner (number of people in the zones, and 

weekly schedule), corroborated with the monitored data. 

The HVAC systems comprise fan-coil units in each zone 

to provide either heating or cooling. 

 

 
Figure 2. Axonometric view and photo of the building. The 

studied zone is indicated with an arrow. 

Adjustment of the white-box model 

Before to use the white box detailed model, it must be 

calibrated and adjusted, using data recorded in the actual 

building. The historical datasets covered approximately 

two years, 2018 and 2019, although some of the variables 

are not available throughout the whole dataset. The data 

are recorded every 10 minutes, and comprise the 

following:  

- Meteorological data from a weather station situated 

on the roof of the building: ambient temperature, 

relative humidity, wind velocity and direction, 

precipitation and solar irradiation. 

- HVAC systems data: schedule of operation of the 

fancoils, set-points for heating and cooling, total 

heating and cooling power delivered to the building, 

and temperature in the studied zone.  

Some graphical excerpts of the dataset are presented in 

Figure 3, only in the heating mode,. Some periods are also 

available in free-floating mode, where the building is 

unoccupied and not conditioned, both in hot and cold 

weather situations (summer and winter holidays).  

To calibrate the white-box model using these datasets, a 

set of four parameters was chosen for performing a 

parametric analysis. The white-box model was created 

using available documentation from the real building 

therefore a number of parameters are already known with 

a good level of reliability (envelope, windows,  

architectural dimensions, equipment etc). Additionally, 

the datasheet extracted from the monitoring of the 

building indicated with high precision the air conditioning 

functioning hours and the temperature inside the zone. In 

both cases the degree of knowledge is such that the 

possible uncertainties that may be associated with them 

will not affect the calibration process and therefore, it is 

not necessary to determine them any further. Among the 

four remaining parameters that are not known precisely 

are: 

- The shading factor of the metal mesh surrounding 

the building, since discrepancies were observed 

between the project data and the actual building. 

- The power delivered to the zone is another 

parameter with high uncertainty, considering that 

the data provided included the total amount of 

power of the machineries without disaggregating the 

power related to that specific office. 

- The thermal capacity of the zone, taking into 

consideration not only the air but also the presence 

of furniture. 

- The factor for setting the infiltration in the studied 

zone, since it highly depends on the correct 

execution of the building works. 

Table 1. Parameters of the parametric analysis.  

Parameter Unit Range Value 

Shading factor - [0.1 ; 0.9] 0.6 

Thermal capacity kWh/K [0.14 ; 4.2] 2.2  

Infiltration factor - [0.6; 2] 0.6 

Heating factor - [0.2 ; 1.5] 0.5 

Cooling factor - [0.2 ; 2] 2 

 

The infiltration factor is applied after the varying ACH 

calculated from wind speed and buoyancy, while the 

heating/cooling factors are applied to the heating/cooling 

power allocated to the studied zone. A parametric analysis 

was performed, varying the four parameters in the ranges 

mentioned in Table 1. Simulations of at least three weeks 

duration were performed, in summer and winter 

configurations, using the same inputs as the measured 

data, and changing the parameters in Table 1 to test all the 

possible combinations. For each simulation, the one with 

the highest Willmott index (Willmott, et al., 1985) was 

chosen as the optimal, and the corresponding values of the 

parameters considered as best for the white-box model.  

The Willmott index is calculated with (1), where n is the 

number of observations/predictions, Pi and Oi being the 

prediction and the observation respectively, and Ō the 

average true mean observation. The index is  

dimensionless and it will always be between -1 and 1, the 

best fitting value being 1. 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
1689

 
 

https://doi.org/10.26868/25222708.2021.30512



 

 

 

 
Figure 4. Results of the parametric analysis on the shading 

factor in the summer simulations. 

𝑑 = 1 −
∑ (𝑃𝑖−𝑂𝑖)2𝑛

𝑖=1

∑ (|𝑃𝑖−�̅�|+|𝑂𝑖−�̅�|)2𝑛
𝑖=1

        (1) 

An example is shown on Figure 4 for the variations of the 

shading factor in the summer case, where one can clearly 

distinguish the optimal case (red point) with highest 

Willmott index, obtained with a shading factor value of 

0.6. Two sets of optimal values were thus obtained for the 

summer and the winter configurations. In case they were 

equal, the value was kept, otherwise an average was 

considered as the final optimal value, as shown in the last 

column of Table 1. 

The optimal simulations are represented in Figure 5, with 

a comparison between the measured temperature in the 

zone, and the simulated temperature by the white-box 

model, optimized after the parametric analysis. A 

satisfactory fit is observed in both cases, the model 

following the temperature evolution measured in the real 

building. In heating mode, the TRNSYS model presents a 

Willmott index of 0.87 (RMSE = 0.85ºC and NRMSE = 

3.8%), while in cooling mode the model presents a 

Willmott index of 0.95 (RMSE = 0.85ºC and NRMSE = 

3.1%). After this step, the detailed white-box model is 

considered validated. 

Identification of the grey-box model 

Once the white-box model is validated, the grey-box 

model can be developed and fitted against that detailed 

model. These steps have been followed for the process: 

 

 
Figure 5. Results of the optimal set of values in heating (top) and 

cooling modes (bottom). 

1. Define the RC grey-box model. 

2. Calculate or fix some of the R and C parameters 

based on previous knowledge.  

3. Let the remaining R and C parameters free for the 

optimization process.  

4. Excite the white-box model with a pseudo-random 

binary signal (PRBS) on the heating or cooling 

power to obtain a dataset, according to the 

methodology from (Bacher & Madsen, 2011). 
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Figure 3. Dataset for one week in heating mode. 
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5. Find the optimal values of the non-fixed R and C 

parameters that minimize the RMSE between the 

grey-box model simulation and the dataset 

obtained with the white-box model.  

The chosen RC model, as described in a previous section, 

presents six resistance parameters and two capacitances, 

as shown in Table 2. Four of the resistances are fixed 

based on previous knowledge, regressions on existing 

data or calculations resulting from the norm ISO 13790. 

The remaining four parameters (two resistances and two 

capacitances) are estimated but these values are only 

provisional, as they will be left free during the 

optimization process. The steps 1 to 5 of the grey-box 

model identification process are repeated in heating 

mode, in cooling mode, and in free-floating modes both 

in summer and winter. The results are presented in the 

next section. 

Table 2. Fixed and preliminary values of the R and C parameters 

of the grey-box model. 

Parameter Unit Value Notes 

𝐻𝑡𝑟,𝑖𝑠 kW/K 1.67 

Fixed values 
𝐻𝑡𝑟,𝑚𝑠 kW/K 2.44 

𝐻𝑣𝑒𝑛𝑡 kW/K 0.0756 

𝐻𝑖𝑛𝑓 kW/K 0.0654 

𝐻𝑡𝑟,𝑤 kW/K 0.0203 

Provisional 

values to be 

optimized 

𝐻𝑡𝑟,𝑒𝑚 kW/K 0.068 

𝐶𝑚 kWh/K 20.67 

𝐶𝑎𝑖𝑟 kWh/K 2.2 

Results 

Heating mode 

The results are first presented in the heating mode, 

meaning the TRNSYS white-box model has been excited 

with the PRBS signal commanding the heating systems, 

in a winter period from March 29th to April 19th (21 days). 

The optimal values of the four R and C parameters to 

identify are obtained by a Python script that intends to 

minimize the RMSE between the dataset of the white-box 

model and the simulation of the grey-box model.  

The obtained values are presented in the third column of 

Table 3. Firstly, the values of the capacitances can be 

analysed and compared with the expected values. 

Regarding 𝐶𝑎𝑖𝑟 , the obtained value of 2.21 kWh/K is 

almost equal to the expected value of 2.2 kWh/K as set in 

the white-box model, which is satisfactory. 𝐶𝑚 =
20.9 𝑘𝑊ℎ/𝐾 has a significantly higher value than 𝐶𝑎𝑖𝑟 , 

around 10 times higher, which is logical since the mass of 

the building construction has a much larger heat capacity 

than the air and furniture contained in the room. 

Regarding the thermal transmittance, the analysis is a bit 

more complex. It is firstly observed that the optimization 

has decided to set the transmittance of transparent 

elements 𝐻𝑡𝑟,𝑤 to 0. This could be due to the fact that the 

fitting is performed here with only one measurement 𝜃𝑎𝑖𝑟 , 

since obtaining the temperature 𝜃𝑚 is quite complex. 

Therefore, we do not have sufficient information to 

determine how much of the heat flow is being lost through 

the windows, and how much through the walls, except if 

this is known and fixed beforehand.  

Table 3. Optimal values of the RC model in heating mode. 

Parameter  Unit 
Optimal 

values 

Opt. values  

(fixed 𝑯𝒕𝒓,𝒘) 

𝐻𝑡𝑟,𝑒𝑚 W/K 98.9 77 

𝐻𝑡𝑟,𝑤 W/K 0 20.3 

Σ𝐻 W/K 98.9 97.3 

𝐶𝑎𝑖𝑟 kWh/K 2.21 2.23 

𝐶𝑚 kWh/K 20.87 20.42 

Σ𝐶 kWh/K 23.08 22.65 

Fit % 76.70% 76.50% 

RMSE °C 0.35 0.35 

NRMSE % 1.45% 1.46% 

Because of this unexpected result on the transmittance 

values, another fitting of the model was tested, this time 

by fixing the 𝐻𝑡𝑟,𝑤 to the expected value of 20.3 W/K 

(calculated with the shading factor, g-value and area of 

the windows), and letting the other three other parameters 

free. The results are in the fourth column of Table 3. It 

appears the sum of the two transmittances (ΣH) has a 

rather constant value: when fixing 𝐻𝑡𝑟,𝑤 to 20.3 W/K, the 

value of 𝐻𝑡𝑟,𝑒𝑚 was decreased accordingly from 98.9 to 

77 W/K, so as to maintain the ΣH around a constant value 

of 98 W/K. Testing other fixed values of 𝐻𝑡𝑟,𝑤 yielded the 

same conclusions. For this reason, it might make sense to 

join 𝐻𝑡𝑟,𝑤 and 𝐻𝑡𝑟,𝑒𝑚  into a common transmittance, since 

it is hard to interpret both of them separately, in the case 

of an identified model, but this option not tested in the 

present work. It should be noted that in that case, the 

obtained value of 77 W/K is close to the expected value 

of 68 W/K.  

In any case, fixing or not the value of 𝐻𝑡𝑟,𝑤 the model 

provides a satisfactory fitting of around 77%, with a 

RMSE of 0.35ºC (which could very well be within the 

sensor uncertainty), normalized to 1.45%. In Figure 6, it 

can be observed that the grey-box model, even though it 

is very simplified, is able to reproduce with good fidelity 

the evolution of the temperature in the room. The 

dynamics are respected by the R62C model, both in the 

periods of frequent switching of the heating power (due to 

the PRBS) and in the periods with longer on and off 

activations.  

Cooling mode 

The same methodology is applied in the cooling mode: 

the PRBS is applied to the cooling power, this time with 

negative values. The studied cooling period ranges from 

July 15th to August 15th (1 month). The results of the 

identification process are presented in Table 4, and the 

model is run with the obtained parameter values, leading 

to the time series of Figure 7.  

Analysing first the results of capacitance, there is no 

major differences with respect to the values obtained in 

heating mode. The value of 𝐶𝑎𝑖𝑟  has decreased a bit, to 
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1.99 kWh/K, but stays very close to the expected value of 

2.2 kWh/K. The value of 𝐶𝑚 has increased a bit, to 27 

kWh/K, but the order of magnitude is respected, and the 

overall sum of thermal capacities is slightly higher, with 

29 kWh/K. 

Table 4. Optimal values of the RC model in cooling mode. 

Parameter  Unit 
Optimal 

values 

Opt. values  

(fixed 𝑯𝒕𝒓,𝒘) 

𝐻𝑡𝑟,𝑒𝑚 W/K 257.3 232.5 

𝐻𝑡𝑟,𝑤 W/K 0 20.3 

Σ𝐻 W/K 257.3 252.8 

𝐶𝑎𝑖𝑟 kWh/K 1.99 2 

𝐶𝑚 kWh/K 27.04 26.75 

Σ𝐶 kWh/K 29.03 28.75 

Fit % 78.90% 78.90% 

RMSE °C 0.8 0.8 

NRMSE % 4.02% 4.03% 

Regarding the transmittances, the results have changed 

significantly from the heating mode. The window 

transmittance is still set to 0. However, the transmittance 

of the opaque construction elements has increased in an 

important manner, to reach a value of 257 W/K, far from 

the expected value of 68 W/K. This value is hard to 

interpret physically, it represents more a black-box type 

of parameter that enable to obtain a good fit with the data, 

but without physical meaning. This transmittance is set to 

a high value to try to gain heat from the warmer outside 

and approach the temperature levels observed in the 

white-box model. 

As in heating mode, it was tested to fix 𝐻𝑡𝑟,𝑤 to its 

expected value of 20.3 W/K, as shown in the second line 

of the table, but this did not produce significant change, 

as this value is quite small in comparison with the other 

transmittance of 257 W/K. The obtained cooling model 

has a satisfactory fit of 79%, a RMSE of 0.8 which is 

normalized to 4%. As shown in Figure 7, the short-term 

and long-term dynamics are both respected by the reduced 

R6C2 model. 

Free floating modes 

In free-floating mode, no active heating nor cooling is 

provided to the building, therefore its temperature evolves 

freely. The same simulation periods were used for the 

free-floating analysis than in the heating and cooling 

mode. Set of data generated in the winter period, another 

in the summer period. The results of the identification 

process for the two periods are presented in Table 5, 

whilst Figure 8 presents the time series in both cases.  

It is first observed that the models fit better in the free 

floating mode than in heating or cooling modes, reaching 

fit values of 80 and 95% respectively, and small RMSE of 

0.26 to 0.16ºC. The explanation seems to be that there is 

one input less to disturb the model, for this reason the 

identification process is easier, and better models can be 

achieved. 

Regarding the obtained values, the capacitances have not 

changed a lot, and stay in the range of expected values. 

For the thermal transmittances, the results are more 

disparate. In the winter period, the window transmittance 

is no longer set to 0, but to a value of 46.3 W/K, while the 

wall transmittance has a value of 25.6 W/K. In the 

summer period, the two transmittances have been 

switched: it is now the wall transmittance that is set to 0, 

while the window transmittance is set to 110.6 W/K. The 

sum of transmittances is now at a more reasonable level 

than in the full cooling mode, where the transmittance was 

quite high, although still higher than the expected range. 

Table 5. Optimal values of the RC model in the free-floating 

modes. 

Parameter  Unit 
Opt. values 

(winter) 

Opt. values  

(summer) 

𝐻𝑡𝑟,𝑒𝑚 W/K 25.6 0 

𝐻𝑡𝑟,𝑤 W/K 46.3 110.6 

Σ𝐻 W/K 71.9 110.6 

𝐶𝑎𝑖𝑟 kWh/K 2.44 2.5 

𝐶𝑚 kWh/K 19.39 26.71 

Σ𝐶 kWh/K 21.83 29.21 

Fit % 80.10% 95.40% 

RMSE °C 0.26 0.16 

NRMSE % 1.22% 0.52% 

Table 6. Optimal values of the common RC model in the free-

floating modes. 

Parameter  Unit Opt. values 

𝐻𝑡𝑟,𝑒𝑚 W/K 32.5 

𝐻𝑡𝑟,𝑤 W/K 58.8 

Σ𝐻 W/K 91.3 

𝐶𝑎𝑖𝑟 kWh/K 2.47 

𝐶𝑚 kWh/K 23.05 

Σ𝐶 kWh/K 25.52 

W
in

te
r 

Fit % 44.80% 

RMSE °C 0.72 

NRMSE % 3.38% 

S
u

m
m

er
 Fit % 79.30% 

RMSE °C 0.71 

NRMSE % 2.33% 

Until now, the identification process has been separated 

in the winter and summer periods. Given the good results 

in free-floating, it is now intended to find a set of 

parameter values that would work for the entire year, at 

least for the free-floating modes. For this purpose, the 

obtained values in free-floating in summer and winter are 

averaged and set for a new model. This common model is 

then tested in both the summer and winter periods, and 

evaluated whether the performance is really degraded to 

accommodate both seasons. The values and results are 

presented in Table 6. The time series of the common
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Figure 6. Comparison between the white and grey-box models in heating mode. 

 
Figure 7. Comparison between the white and grey-box models in cooling mode. 

          
Figure 8. Comparison between the white and grey-box models in the free-floating modes (only winter). 

         
Figure 9. Comparison between the white and common RC models in the free-floating modes (only winter).
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model are presented in Figure 9. 

Obviously the common model performs worse than when 

it had been specifically fitted for each season. However, 

the levels of error remain relatively small, with 0.7ºC and 

normalized between 3.4 and 2.3%. It is observed in the 

time series that the common R6C2 model underestimates 

the temperature in the room in winter, while it 

overestimates it in summer. The common model tries to 

accommodate both seasons, but present a certain offset 

depending on the season, compared to the white-box 

model. It is still believed that such a common annual 

model could be used for short-term predictions and also 

for energy demand calculations. 

Conclusion 

R6C2 grey-box model for office buildings has been 

identified and tested considering a white model calibrated 

with real data. The R6C2 grey-box model, has been 

characterized in summer and winter periods for both, 

heating and cooling systems operating and free floating 

modes; for this last case, a unique model has been 

introduced too. For all the cases, the obtained models 

presented good estimation of the overall trends of the 

temperatures, both at short and mid-term scenarios. The 

lack of real information regarding the adjacent zones of 

the studied one, introduced some uncertainty on the 

boundary conditions, affecting the physical meaning of 

some of the calculated parameters. Although, even for 

these parameters, a physical explanation has been 

provided, fitting with the real conditions on the available 

information. In this context, the R6C2 introduced models 

provides satisfactory fittings, with a RMSE range from 

0.35ºC to 0.80ºC (depending on the seasonal and HVAC 

operating mode), which aims to be lower than the average 

accuracy of the most common monitoring devices.  

The introduced models fit better under free-floating 

conditions, probably due to the approach and 

characterization of the HVAC overall systems 

(production, distribution and emission), which would be 

possible to fine-tune when considering more detailed 

data. Also the summer mode active HVAC model fits a 

little bit worse than the winter one, again probably due to 

the limited characterization on some physical elements 

(i.e. the shading systems), which has been harmonized for 

the whole year, but have different impact depending on 

the season. 

The obtained results have shown the power of the reduced 

grey-box models for replicating office buildings real 

conditions for both short to mid-term, under a quite 

satisfactory approach. Then, the introduced R6C2 models 

would be the basis for several applications, from the end-

user interaction (through the so-called edge-computing 

devices), to the integration into existing data platforms 

(smart BIM solutions) or management systems (smart 

BEMS). From the introduced R6C2 grey models, the next 

steps will focus on improving the physical 

characterization of the building and the HVAC elements 

modelling, and then adjust not only on temperatures but 

on energy demands and consumptions. Also, the use of 

reliable monitoring data could be analysed as the main 

source to be considered for the model calibration, 

avoiding the necessity on using white-box models and, in 

that way, improving the models definition and 

implementation in real cases. As the calibration gives 

different values according to the season, an automatic and 

periodic online estimation of the parameters could be 

envisioned for more practical applications. As further 

research, the methodology should be replicated in other 

tertiary buildings in the same latitudes to verify its 

suitability, and the improved ISO model could be 

compared to other candidate models such as the R8C5 

model (Perez, Riedere, Inard, & Partenay, 2015).  
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