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        Abstract 

In this paper, the interaction between residential apartments in the same building is 

considered by including the occupant behavior. The study is applied to three-floor residential 

building. First, a multi-zone building model was implemented and validated by comparison 

with thermal simulation tools. Deterministic study allows us to determine the worst case of 

energy highest consumption. The interior insulation thickness is then progressively increased 

to obtain its optimal value with respect to heat loss and equilibrated energy consumption 

between apartments. Finally, a random variation of family absence number and duration has 

been applied to evaluate their influence on energy demand considering heat interaction 

between apartments.  

 

Keywords: building, energy performance, uncertainties, occupant behavior. 

 

1. Introduction  

At present, population growth and rising living standards are the principal source of increased 

energy demand worldwide [1, 2]. In the building sector, the greatest potential for energy 

savings lies in reducing heating and cooling [3]. Therefore, it is considered a major energy 

consumer and source of pollution among all economic sectors [4].  

In 2016, the building sector accounted for almost 40% of total global energy consumption and 

33% of total greenhouse gas (GHG) emissions [5], which would be even higher if the energy 

consumption for the whole life cycle of buildings was considered [6-8]. In France, the 

building sector is responsible for 44% of total national energy consumption and generates 

around 21.9% of total CO2 emissions [9].  
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Currently, the main challenge is to reduce CO2 emissions to achieve decarbonization of the 

building sector. To achieve this, the United States of America (USA) has targets to reduce 

GHG emissions by 17% by 2020 and 26-28% by 2025, compared to 2005. Regarding the 

European Union (EU), its target is to reduce GHG emissions by 40% by 2030 compared to 

1990 [10]. 

This increase is notably linked to the development of housing (the appearance of innovative 

energy-consuming technologies) and to changes in occupant comfort. In other terms, the 

occupant consumes energy for his comfort and daily activities inside his building. To reduce 

this consumption, the occupant must first think about changing their behavior. 

1.1 Energy consumption in the residential sector 

In this section, we propose to present an overview of the energy consumption related to the 

residential sector1. In 2015, the Energy Information Administration (EIA) report indicated that 

the building sector includes the residential and commercial sectors (EIA, 2016). Indeed, any 

place where people live is considered a residential building. However, commercial buildings 

include offices, shops, hospitals, restaurants and schools. 

The residential sector consumes much more energy than commercial sector and is responsible 

for over 40% of total CO2 emissions from buildings [11]. Heating, ventilation and cooling 

(HVAC) are the main subsystems contributing to the energy consumption, accounting for 

43% of residential energy consumption in the United States of America (USA) and 61% in 

Canada. In France, heating and cooling are the largest contributors to energy consumption 

(60%), accompanied by domestic hot water (20%) and lighting and auxiliary equipment 

(10%) [11]. 

In residential buildings, the energy performance is influenced by a variety of factors, such as 

physical characteristics (orientation, surface, insulation materials…), internal systems 

(heating, cooling and ventilation systems), external environment (temperature, solar flux and 

humidity) and especially its occupants [12]. The experience underlines the significant 

influence of occupant’s behavior on the energy performance of buildings [13]. Indeed, 

occupants use energy to satisfy certain activities of everyday life such as heat, cooling, and 

light [14]. Several studies show that the influence of occupants on the energy performance of 
                                                        
1 Generally, we use the term 'sector' to describe a type of building, such as an office or 
residential building, while a 'subsystem' refers to a group of appliances, such as lighting or 
the heating, ventilation and cooling (HVAC) system. 



buildings can be reflected by their presence (internal heat gains, emissions of CO2, etc.) and 

activities, as well as their interactions with inherent system controls to adjust the indoor 

environment. For example, they will heat, cool, or ventilate their environment to improve 

their thermal comfort. Similarly, they adjust lighting systems or blinds to optimize their visual 

comfort [14]. These interactions have a significant impact on the energy consumption of the 

building and affect both the indoor environment and the energy needs. In fact, the presence of 

occupants in a building has a significant impact on energy consumption [16]. 

Energy consumption can vary considerably between different households in residential 

buildings. According to Seryak and Kissock [17], occupant behavior in the residential sector 

can lead to variability in energy consumption of almost 100% for a given dwelling. Similar 

works have also demonstrated this variability [13, 18-20]. Many studies have identified 

occupant-related parameters that are responsible for this variation, such as the number of 

occupants and the presence profile [20, 21]. 

1.2 Uncertainties in the estimation of energy performance 

Currently, the 'performance gap2' has received a lot of attention. Many studies show that 

actual energy consumption, especially for heating, can be up to three times that expected even 

for very efficient buildings. In a study of a residential building group in Germany, the 

difference between calculated and measured heating consumption was 300% [22]. The study 

by Cali et al. [23] found a large variation in energy consumption, ranging from 0 to over 

280% in three different buildings in Germany. 

In 2008, CarbonBuzz provides a platform to compare and track the energy consumption of 

projects from the design phase to the exploitation phase. The platform allows designers to 

compare the energy consumption predicted in the design phase with that measured. The 

results show that, on average, buildings consume between 150% and 250% more than the 

design values (CarbonBuzz). 

The ‘performance gap’ can be caused by many factors that can be influenced by the design, 

construction and exploitation of buildings. Understanding the causes of the gap is essential to 

improve the system in its various phases from design to operation. 

                                                        
2 In 1994, Norford et al. [25] described the phenomenon known as the 'performance gap' 
which expresses the difference between the energy performance estimated by the models 
and that measured in situ. 



1.3 Importance of the zone's position and internal insulation in a multi-zone building 

While most of the research has focused on the insulation of the external building envelope, 

such as external walls and roofs [24], there is a gap in the literature regarding the energy 

saving effects of thermal insulation of internal walls. In fact, internal wall insulation is an 

important key to reducing building energy consumption by reducing heat transfer between 

adjacent zones at different temperatures, especially for multi-zone buildings. 

Innovations in heating systems allow occupants to control room temperature independently. 

However, this can also lead to significant heat transfer between adjacent zones. In the case of 

residential buildings, the transfer of heat between adjacent zones is usually not considered and 

leads to an over or underestimation of the heating/cooling demand of each zone. The heat 

flow between two adjacent zones can be called "stolen energy", which depends on several 

factors: (1) The direction of the transfer; (2) the change of the indoor temperature set point by 

the occupant [26]. 

Siggelsten [27] presented a study to develop a cost-efficient method for estimating the size of 

heat transfer between adjacent apartments in multi-zone buildings. He found that this type of 

heat loss could be as high as 9 %. The aim is to use these estimates to assign heating costs due 

to heat transfer when measuring the amount of heating energy provided to a zone. Liu et al 

[28] also found that heat transfer through the floor can increase heating by 20-30% when 

neighbors are not heated. Therefore, thermal insulation of the interior walls and floor is very 

important for residential buildings. 

Xuan et al [29] have demonstrated that internal wall insulation is more efficient than floor 

insulation under difficult climatic conditions. It is suggested to insulate both the interior walls 

and the floor to achieve higher total heating energy savings. They confirmed that the potential 

heating energy savings with 20 mm insulation thickness on the interior walls and floor were 

12.3% and 11.4% in Harbin and Beijing, respectively. 

2. Literature review 

2.1 Identification of uncertainties types 

In many studies, large differences between actual and simulated consumptions have been 

observed, even when the thermal insulation of the envelope is considered [17]. These 

differences can be attributed to the uncertainties introduced by several components such as the 



accuracy of the simulation software, the accuracy of the input parameters describing the 

building envelope, as well as the heating, ventilation and cooling system [2, 24].  

Although many explanations have been given to understand these differences, it has been 

shown that the lack of consideration of occupant behavior is one of the major sources of 

uncertainties in dynamic thermal simulation [30]. Thus, it is necessary to consider the key role 

of occupant activity in simulation models to correctly predict the real building consumptions. 

Occupant interactions [12, 31-35] that can influence the indoor environment are often 

modelled using deterministic data [36]. To consider the diversity of occupant behavior, new 

probabilistic approaches are being developed to reduce the performance gap. These 

approaches consider random variation, according to defined probability distributions [10, 37, 

38]. 

Uncertainty analysis provides information on the reliability and influence of input parameters. 

Researchers affirm that the simulation result should always include information on the 

uncertainties of the input variables and the result. Indeed, Heiselberg er al. [39] states that 

evaluating the result of a thermal simulation based on deterministic variables, without 

information on the deviation or error of this result, can result a false conclusion. 

2.2 Uncertainties of occupant behavior 

In 1978, a study was carried out on a group of identical houses in Twin Rivers, USA. One of 

the main questions of the Twin Rivers programme was why energy consumption varied so 

much between identical houses. The authors concluded that 71% of the unexplained variation 

in energy use was due to occupant habits [40]. Ten years later, Schipper et al. [41] have found 

that about 45-55% of total energy consumption is influenced by occupant behavior in 

developed states. 

In 2009, Juodis et al. [42] presented a comparison study on heating and domestic hot water 

consumption. The data of 2280 buildings are compared. The authors found that the largest 

difference in heating consumption is between older buildings (similar floor area). A ratio of 

four or more is observed between the maximum and minimum values. 

Andersen [43] examined the distribution of heating consumption in 290 identical houses. 

They found that the consumption varied significantly from one house to another. The results 

showed that the consumption varies between 9.7 kWh/m² and 197 kWh/m², which is a ratio of 



20 between the highest and lowest consumption. The most probable explanation for this 

diversity is the way in which the occupants live. 

Clevenger [13] studied 11 factors related to occupant behavior. These factors are classified 

into two categories: presence (occupancy time, lighting time, equipment use time) and loads 

(Number of occupants, metabolic gains, equipment gains, temperature set point, ventilation 

rate). Three values are assigned for each factor (a low, medium and high value). A 'typical' 

behavior is defined by setting all factors to average values. The simulation results show that 

the impact of occupant behavior on the energy consumption of the building is significant. 

Indeed, the energy consumption is increased by more than 150% compared to a 'typical' 

occupant behavior. 

Yan et al. [44] investigated the influence of occupant behavior uncertainties on the thermal 

performance of a naturally ventilated building. They used Markov chain and Monte Carlo 

methods to develop a behavioral algorithm to evaluate the impacts of occupant behavior. 

Also, Azar and Menassa [45] conducted a sensitivity analysis study of occupancy behavioral 

parameters in office buildings of different sizes and climate zones. A sensitivity index was 

calculated. As a result, the highest sensitivity index was observed when the setpoint 

temperature was varied. 

Silva and Ghisi [46] analyzed uncertainties using a probabilistic approach. The EnergyPlus 

software was used to evaluate the energy consumption of a house located in Florianopolis, 

southern Brazil. The Latin hypercube sampling method was used to create samples. As a 

result, specific heat, material thickness, solar absorption, floor temperatures, physical 

parameters, occupancy schedules, equipment power densities and number of occupants were 

found to be the influential parameters in the analysis. As a result of this study, the uncertainty 

values obtained are 19.5% for the physical parameters and 36.5% for the occupant behavior 

parameters during the heating season. For the cooling season, these uncertainty values are 

43.5% and 38.0% respectively. 

To regulate the indoor environment, the occupant searches through actions to achieve thermal 

comfort such as operations on the temperature set point, windows, blinds, lighting etc. All 

these practices and reactions have a considerable impact on the energy performance of 

buildings. Zhou et al. [47] have modeled the occupant behavior in open-plan offices by using 

the random forest (R F) algorithm developed to simulate the effect of window openings. The 



aim of this study was to determine the influencing window operating behavior. The occupant 

behavior related to window opening is studied through experimental measurements and 

surveys collected in three open-plan offices in Nanjing, Jiangsu Province, China. As a result, 

the indoor temperature, indoor humidity, the co2 concentration as well as the outdoor 

parameters and time of day are the key influencing parameters in window opening. 

2.3 Uncertainty analysis: the Monte Carlo method 

For several years, much attention has been given to the consideration of uncertainty in the 

analysis of building energy performance [48]. The development of uncertainty quantification 

methods is facilitating research to properly control the nature of uncertainty associated with 

building energy performance. 

One of the main objectives of this paper is to have a model that allows to obtain as output 

distributions of the building energy consumptions (heating and cooling). Thus, rather than a 

single value obtained using a deterministic occupancy scenario, we chose to work with the 

Monte Carlo method. In fact, the Monte Carlo method is widely used to study the propagation 

of inputs uncertainties in many works such as [49-51]. However, in the literature there are two 

methods of uncertainty propagation: (i) the direct method [52] and (ii) the inverse method 

[53]. Indeed, in the direct method, the uncertainty propagation is based on the quantification 

of energy needs (outputs) from uncertain input variables. In opposite, the inverse uncertainty 

analysis allows the determination of unknown variables by using the existing energy 

consumption. 

2.4 Dynamic thermal simulation 

Nowadays, many simulation tools are available on the market such as Energy-Plus [54], 

Pleiades [55] and TRNSYS [56]. This software can simulate the energy performance of the 

building. In this study, Pleiades +COMFIE is the STD software used to validate the RC 

model. Pléiades+COMFIE was developed at the École des Mines de Paris energy centre 

where it continues to be enhanced. This software is distributed by the company Izuba 

énergies3. The accuracy of the results given by Pleiades+COMFIE has been tested on several 

occasions by comparing the results of the tool with measurements. In the work of Munaretto 

et al. [57], the convective and long-wave radiative heat transfer models are investigated in 

COMFIE, a dynamic energy simulation platform. More detailed internal heat transfer models 
                                                        
3 For more information : https://www.izuba.fr/ 



are developed by decoupling convective and long-wave radiative heat transfers and using 

time-dependent coefficients. Moreover, two detailed models (model 1 for the thermal network 

and internal long-wave radiation model, and model 2 for internal convection model) were 

implemented in a modal based dynamic BES software COMFIE. Furthermore, an empirical 

validation process on both simplified and detailed models is carried out. The results of the 

simulation platform were compared with on-site measurements on a passive house, located in 

Chambéry (France), considering different sources of uncertainty (measurements, input 

parameters and model accuracy). It appeared that the simulation platform performed 

satisfactorily over all the experimental scenarios.  

Recht et al. [55] present an empirical validation process of the dynamic thermal simulation 

tool COMFIE, based on temperature measurements of the INCAS4 experimental platform 

located at Le Bourget du Lac, is presented. The most influential uncertain factors of the model 

were identified by Morris screening in order to make possible uncertainty propagation. This 

variability caused on the results was quantified and compared to the measurement uncertainty. 

In addition, a global sensitivity analysis via Sobol indices was carried out to evaluate the 

contribution of each factor on the global uncertainty. The results show a good fitting between 

the experimental measurements and the model and also with benchmarks such as EnergyPlus. 

Thus, the most influential factor of the study, the outdoor temperature, presents a relatively 

high uncertainty. 

2.5 Purpose of the study 

All the work done above, shows the importance of the position of a zone in a multi-zone 

building. Today, the problem of "stolen energy" between adjacent zones is evoked since the 

heating temperature varies significantly between households [58], resulting in variable costs 

between zones due to their positions. To highlight this difference, a model of presence is 

developed and coupled with the multi-zone model. Absences are generated randomly by 

considering different types of households for each zone. The choice of this approach allows to 

study the effect of the temperature variation of an empty zone (absent occupants) on the 

energy consumption of other zones. Furthermore, a multi-zone model is proposed, based on 

the mono-zone RC thermal model. 

                                                        
4 The INCAS platform is located at the Institut National de l'Énergie Solaire : 
https://bit.ly/3sH1x1h 



The document is structured as follows: Section 3 presents the multi-zone RC model as well as 

its validation. In this study, we use a less complicated method, based on numerical simulation. 

This consists of using an RC model to model a building (geometry, wall composition, window 

and door openings, etc.) and simulate the heating consumption of the building. To examine 

without disturbance, the influence of the position of the zone and the importance of the 

interior insulation, we consider identical uses in all zones. Similarly, the external insulation 

and window and door openings are homogeneous between all zones. The differences in 

consumption between dwellings can only be due to their position (section 4). Section 5 

present details of the uncertainty analyses and the effect of long absences on energy 

consumption. Thus, an occupancy pattern is generated in each zone of the building to consider 

the long occupant absences related to holidays based on the data obtained from the National 

Institute of Statistics and Economic Studies INSEE data. 

3. Modeling and validation 

3.1. Analogical modeling of heat transfers 

Thermal modelling is used to predict the energy needs of the building. Methods for 

calculating heat transfer in buildings can be divided into two categories: 

- Static models: These models predict the energy needs of a building in 

permanent regime. In fact, the temperature inside the building is equal to the 

set temperature at each time t, so the loads are constant over time. An 

example is the method that uses the concept of Degree Day (DD) to evaluate 

the energy needs of a building [59]. On the other hand, static models do not 

consider the thermal behaviour of the building under transient conditions. 

According to Zayane [60], "these models are not able to account for heating 

control, although the two components (building and heating and cooling 

system) necessarily interact". 

The degree-day method provides an estimate of the heating and cooling needs 

of a building. This method is based on a permanent analysis of the heat 

balance, including heat transfer by conduction, convection and radiation. 

However, the heat transfer by conduction and radiation is mostly transient. 

Therefore, the degree-day method is limited since the calculation of heat 

transfer in a building must consider transient effects. 

 



- Dynamic models: These models use the methods for calculation of transient 

heat transfer in buildings. Indeed, they consider the evolution of different 

thermal loads to simulate the thermal behavior of the building. Thus, 

simplified models based on electrical equivalences are widely used. Indeed, 

they consist in modelling the thermal dynamics of the building through an 

equivalent electrical circuit whose number of resistors and capacities can be 

easily modified to fit any specific building. 

One of our objectives is to propose a model of the thermal behavior of the building 

that will be coupled with a model of the occupant's presence. Given the diversity of 

existing models, the most interesting candidate is the family of simplified models. 

We have chosen to work with RC (resistance-capacity) models. These models are a 

good compromise between simplicity and reasonable accuracy. In addition, they 

consider different specific characteristics of buildings, such as wall materials, types 

of windows/doors, internal thermal mass, etc. Many authors have used RC models to 

represent heat transfer [61-63]. 

3.2. Model 

In this section, the R3C2 model is used to model a multi-zone building. Figure 1 and 2 shows 

a zone in a multi-zone building that is composed of an exterior wall, window and door and 

interior spaces. The main heat transfer mechanisms are: (1) thermal conduction through 

external and internal walls, windows, doors and ceiling; (2) thermal convection with external 

air and with internal air between zones; (3) solar radiation through window and external wall; 

(4) heat gain from occupants and equipment and (5) air infiltration. 

The following assumptions are made: (a) the temperature gradient within the volume 

delimiting the zone is negligible since the air inside the zone is well mixed, so that we have 

one uniform temperature in the zone. (b) Each zone is coupled to the other building elements 

by coupling terms (convective exchange coefficient between the wall separating two zones). 

(c) Solar gains are considered here as having a direct influence on the zone (through wall 

heating). (d) Air flow between zones is not considered. 

The R3C2 model with three resistors and two capacitors (Ri, Ro, Rf, Cs and Cres) which are 

detailed in Table 1 is used to model heat transfer through a compact surface separating the 

indoor and outdoor environments. As the window has a very low thermal capacity, it is 



modelled as a simple resistor Rf. A solar flux Qs is injected at the node representing the 

internal surface of the Ts structure. The total power Qres (heating power and internal gain) is 

injected at the node representing the internal temperature Tint. An additional resistor is 

included in R3C2 to model the heat transfer between the building zones by conduction and 

convection of the internal air of the zone. The structure of the full-scale model is shown in 

Figure 1. 

      Sroom denotes the surface of the room, Sceiling is the ceiling surface, Sfloor is the 

floor surface, SwallV is the surface of the walls, hiwallV, hifloor and hiroof are respectively 

the coefficients of internal heat exchange for vertical walls, floor and roof, Cair is the 

heat capacity of air, ρair is the density of air and Vroom is the volume of the room. 

The modelling is considered by decomposing the building as follows: (1) Environment: a set 

of meteorological conditions constituting the boundary conditions. (2) Zones: volumes where 

all properties and temperature states are homogeneous. (3) Walls: The walls of the envelope 

such as walls, ceilings, partitions and windows. Heat conduction in these elements is 

unidirectional. (4) Indoor air equipment: all systems that have a thermal influence by 

convection or radiation exchange (heating, air conditioning, etc.). 

The ordinary differential equation describing the temperature gradient of each zone of 

building is written as follows: 
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Where j is the number of zones in contact with the zone i. 

The indoor air equipment (air conditioner, radiator) is modeled by a PI controller 

(Proportional-Integral) characterized by two coefficients K: the controller gain and the 

controller integration time τ. The power exchanged between the heating and the zone 

representing by a convective coupling term Qch. It can be determined through a differential 

equation per zone (2) [64].  
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3.3. Model validation  

To validate the multi-zone model, a comparison with the Pleiades software was undertaken. 

For a brief demonstration, a comparison case is presented here which consists of a multi-zone 

building, located in the city of Montluçon in France. The building is composed of three floors. 

Each floor contains three zones of 20 m² each. In each zone there is a window (1.5 x 1.5 m) in 

the north wall and a door (0.83 x 2.04) in the south wall (Figure 2).                                                     

The thermal properties of ceilings, roofs, partitions, walls (north, east, west and south), 

windows and doors are given in table 2. The outer walls are composed of concrete layer and 

insulated from the outside. 

To validate this model, the results are compared to those obtained by the dynamic thermal 

simulation software Pleiades using the same input data. The comparison is undertaken, with a 

time step of one hour, for indoor air temperature. The results are given in Figure 2. The 

relative difference in indoor temperature ∆Tindoor is calculated by equation (3). This factor 

verifies the ability of the RC model to predict the indoor temperature of the building over the 

forecast period. 

t t

int 

0 0
t

0

T dt - T dt

= 

T dt
Indoor∆

∫ ∫

∫
                                                       

 

 (3) 

where T and Tint are respectively the reference and RC indoor temperatures. 

Figure 2 shows that the R3C2 model provides very good predictions compared to the 

reference model (Pleiades). Over the time, the maximum difference between the two models 

is less than 1.5 °C for all the zones of the building as shown in Figure 2. This difference can 

be explained by the modelling approaches in considering thermal inertia by the R3C2 thermal 

model and the Pleiades software. 

The model validation is performed by calculating the error between the R3C2 model and the 

reference model. This error is calculated according to the formula (3) for indoor temperature. 



The results are presented by the histogram in Figure 2 representing the error distribution over 

one year of simulation. 

4. Deterministic part: highlighting loss of energy and impact of interior 

insulation 

 

To evaluate deeply the importance of thermal insulation of interior walls between zones, a 

parametric analysis was carried out by considering six different configurations predicated step 

by step to each zone constituting the building. The case studies, given in Table 3, were studied 

to allow the impact of occupant presence/absence on total energy consumption. A standard 

scenario is considered. It is based on an indoor temperature set at 20°C when the zone is 

occupied and reduced to 16°C when the zone is unoccupied.  

For example, in case one, when zone 01 is empty, the other zones are occupied. Then, the 

same for each study case. Keeping one zone empty for each study allows determining the 

worst case that maintains a maximum energy consumption of the whole building. In this 

section, a residential building with nine zones and twelve thermal interaction areas (six 

vertical thermal interactions and six horizontal thermal interactions) for the whole building 

are presented in Figure 2. The following assumptions are made for all case studies: The zones 

of thermal interactions are not insulated; all the areas of the buildings are insulated from the 

exterior; the heat gain due to occupation is not considered. When a zone considered not 

occupied, all sources of internal gain are off. 

Each zone is considered as an apartment and each zone has a thermal interaction with adjacent 

zones. The corner zones (01, 03, 21 and 23) of each floor have two thermal interaction zones 

while the central zones (02, 11, 13 and 22) of each floor have three interaction zones; only 

zone 12 has four thermal interaction zones. 

Table 4 and Table 5 shows respectively heating and cooling energy needs for a cold week in 

winter and a hot week in summer for each studied case. The simulation results are presented 

in two steps: (1) without interior insulation and (2) with interior insulation. It is shown that 

case 4 is less energy-efficient than the other cases during the winter and summer period. 

Proportionally, the biggest difference between these cases is observed when the zone 12 is 

empty: the difference in heating loads reaches 116 kWh/week, 7.33 %, while the difference in 

cooling load reaches 55 kWh/week, 7 %. Tables 4 and 5 also reveal the importance of the 

location of the zones in the building. The change from one case of study to another makes it 



possible to observe large differences in heating and cooling energy needs. Moreover, the case 

study 4, which represents the highest energy consumption, is the one which represents the 

highest number of thermal interactions. These results show that, the number of thermal 

interactions between zones has a very important impact on energy consumption. Furthermore, 

the location of an apartment in a building can have significant effect on its needs for heat. For 

example, the location on top floor means greater proportion of outer walls and therefore a 

greater demand for heat in winter. 

To highlight the importance of the internal insulation between building zones, it has been 

decided to insulate all the thermal interactions for the worst configuration (case 4). Glass wool 

insulation was used on the four thermal interactions of the zone 12. The insulation is 

considered to range between 0 cm and 20 cm. 

Figure 3 shows the importance of the level of interior insulation. It is noted that the energy 

consumption of zones 01, 03, 21 and 23 is stable since there are no thermal interactions with 

zone 12. However, the energy consumption is decreased progressively for other zones (02, 11, 

13 and 22) in contact with zone 12 due to thermal interaction. The energy consumption for 

these zones decreases with the reduction of insulation thickness. The difference between these 

four zones is summarized at the level of the slope of decrease in the energy consumption in 

each zone when the thickness of the insulator is varied. However, the decrease in 

consumption is slower for zones 11 and 13 compared to zones 02 and 22. This difference is 

due to the addition air gap in the vertical partitions. In fact, this air gap represents an 

additional thermal resistance that gives the vertical partitions a better insulation compared to 

the floor or the ceiling where the air gap is not a part of composition.  

5. Impact of occupant behavior 

 

5.1 The effect of long absences on energy consumption 

Long occupant absences related to holidays, sick leaves or business travels have a significant 

effect on the overall annual presence. However, they are generally neglected in deterministic 

scenarios. Based on the measures available, Page et al. [38] tried to identify periods of long 

absence from the workplace and integrate them into their model. They calculated the 

probability that the occupant would begin a period of long absence as well as the distribution 

of the durations of these periods. Their algorithm tests at each time step the possibility that an 

occupant leaves for a long period and, in case of departure, associates to him a fixed duration. 



The objective of this section is to generate stochastic occupancy patterns in each zone of the 

building that can then be used by the R3C2 thermal model to estimate the energy 

consumption. The basic idea of the model is that the occupancy of each zone of the building is 

a direct result of the absence and presences processes of a household that occur in each zone 

of the building. The method of random sampling is selected to simulate the process of absence 

and presence of occupants in the building. The implementation of the model is carried out 

determining the typology of the building and occupant parameters (household type, number of 

households absent for a year, etc.). The model is implemented as a Matlab routine. Family 

type and size, presence and absence of the occupant are simulated randomly. During the 

absence of the occupant, a constant temperature of 16 ° C was applied in winter and 28 °C in 

summer. Otherwise (presence), a variation of the weekly temperature as it is presented in 

Table 3 is applied. 

Figure 4 shows the flowchart of the algorithm. Each building contains a well-defined number 

of zones per floor. (1) Each zone of the building is occupied by a type of household in a 

random manner. (2) Defining the probability of being absent during each season of the year 

(winter and summer) for each household type. (3) decide the number of times that each family 

will go out for vacation (absent state). The algorithm considers the probability of leaving on 

vacation. If this is the case, a vacation period begins. The duration of absence is determined 

according to the type of household and the summer or winter season. (4) Once the number of 

absences is defined for each household, and for each simulation sampling, the weekly energy 

consumption is calculated. 

5.2 Data 

 

Regarding the input data, each type of household created is therefore associated to a building 

zone and attached, afterward, to a category of presence schedules. The category of schedules 

can be predefined or randomly chosen at different scales. It is then applied for all the building 

or for each zone considering the number of occupants. For example, we supposed that the 

occupants of the zone “i” are all present during the year, while those of zone “j” have 

different schedules. Therefore, it would be very useful to have more complete data to define 

with precision a range of variation of these absences and presences parameters. 

Performing an experimental platform to collect database information regarding the 

presence and absence of occupant in residential building is excessively expensive. It 



is also difficult to carry out regular measurements, especially when the occupant is 

not cooperating or is uninterested in the survey. The alternative proposed in this 

section is the use of statistical data on the departure rates of different types of 

households on a national basis. The construction of the model is based on data from 

several holiday surveys completed by INSEE in 1994, 1999 and 2004 [65]. 

According to the results of the 2004 Holiday Survey, the probability of going on 

holiday and duration of stays according to the type of household is distributed as 

shown in Table 6. 

5.3  Results of simulation 

 

In this study, the year is divided into two seasons; the heating season which begins from week 

1 until week 24 and week 39 to week 52, and the cooling season from week 25 to week 38, as 

shown in Figure 5. The occupancy profiles of each zone in the building as well as the type of 

household are randomly defined in each simulation according to the data in Table 6. To be 

precise, the number of absences for each type of household is given in weeks. That is, in the 

summer, the number of weeks of absence varies between 3 and 4 weeks, while in the winter it 

is between 2 and 3 weeks. It is not only the number of weeks of absence that is randomly 

chosen, but also the number of times per year. These numbers vary between 0 (Min) and 2 

times (Max). In other words, Figure 5 shows the distribution of the number of absences 

according to the type of household and the period for a single simulation. The household in 

each zone goes on holiday twice a year, once in the summer and once in the winter. It should 

be noted that in some cases, we can find that the period of vacancy starts at the end of winter 

and ends in summer and vice versa, this is the case for zone 02, 21 and 23. Furthermore, in the 

case of zone 11, the winter and summer vacancy period is combined to form a very long 

absence period of 8 weeks (4 weeks in summer and 4 weeks in winter). In summary, this 

algorithm can generate all combinations of absence in a multi-zone building. 

The objective is to evaluate the impact of short and long absences for residential energy 

consumption. The simulation for each apartment runs 1000 times of the year consecutively, 

with different random samples for each simulation. Figure 6 summarizes the results of 1000 

simulations only for apartments 01, 02 and 03. There are 3 profiles, as explained in the 

previous paragraph: 

 



- 0 absence throughout the year:  

- 1 time: during winter or summer: this profile includes all the simulations where the 

households for each zone will be absent one time a year (during the summer or 

winter). 

- 2 times: once during winter and once during summer: it is presented by the 

simulations where the household of each zone will be absent twice a year (one during 

the summer and the other during the winter). 

For clarity, Figure 7 presents the results of 1000 simulations in the form of a whisker box. For 

each week, the model can predict the percentage of going on holiday for such a household 

according to the number of total absences per year. For example, for the household in zone 

01, the probability of going on holiday once is equal to 0.241 (going once), 0.618 (going 

twice) and 0.141 for the case of zero absences. In addition, this model allows us to determine 

the average number of absences in the building, during each week, through the results 

presented in the form of box plots. 

Figure 8 shows part of the temperature profile. It is 16°C in winter and 28°C in summer, 

while the household is absent. It should be noted that the temperature profile assumption is 

respected in each zone and during each simulation. Figure 8 shows the evolution of the indoor 

temperature in zone 01 during a period of household presence and absence (between weeks 4 

and 10). The indoor temperature reaches the target temperature. Consequently, these results 

show the ability of the proposed model to reproduce the occupant's profile with respect to 

indoor temperature by respecting the profile presented in Table 3. 

5.4 Energy consequences 

Figure 9 represents the yearly distribution of building heating and cooling loads for each zone, 

according to the number of absences per year. To evaluate the impact of the long absence on 

the energy consumptions, the results are compared with a standard case where the entire zones 

are occupied during the year. To compare the different results with each other, 1000 Monte 

Carlo simulations have been performed with time steps of 60 minutes to evaluate the 

distribution of energy consumptions. 

The consumption resulting from the standard case is not always superior to consumption from 

other cases (absent two times, absent one time or mixed). Therefore, the standard case does 

not always represent an over-evaluation of the energy consumptions, since it represents a 



determinist scenario used by default in the software tools. The integration of periods of long 

absences inevitably reduces the presence in the zone and therefore the consumptions for 

heating and cooling. However, it may increase or decrease consumption in adjacent zones 

depending on the location of the zone in the building as well as on the period of absence of 

the households in each zone.  

It is noted that for different absence configurations (standard, two times, one time and mixed), 

the central zone in each floor (zones 02, 12 and 22) have the lowest heating consumption as 

shown in Figure 9. Contrary, the corner zones in each floor have the highest heating 

consumption.  

6. Conclusion 

This paper evaluates the thermal interaction between zones in the same building regarding the 

occupant behavior. An approach for occupancy simulation based on the random variation was 

proposed. Occupancy is represented as a direct result of the presence or absence of occupants 

in their zones. By using the Monte Carlo method to simulate presence and absence, the 

proposed model can generate the number of absences per year and per season for each 

household type. Various holiday surveys conducted by INSEE are used to input the model.  

For the case study of multi-zone building, the model can produce the realist occupancy 

variation in the building for each zone. Especially, it can produce a different number of 

absences between apartments, which can later determine the effect of this absence in energy 

needs between zones. Running simulations with a model capable of generating short and long 

holiday periods has a significant impact on energy consumption compared to simulations with 

standard occupancy scenarios.  

Regarding insulation between zones, the results show the importance of the level of interior 

insulation for the central zone. The energy consumption for this later situated on the middle 

floor is always low comparing to other zones in other floors. Furthermore, the energy 

consumption for zones in interaction with the central one decrease progressively with the 

reduction of insulation thickness but it stays stable for zones without interaction with the 

central one.    

In the future, an experimental validation should be carried out to validate this 

occupation model. In addition, more events such as sick leaves, maternity leaves or 



paternity leaves should be considered in each zone. The capacity of the model in 

other types of buildings, such as office buildings, should be tested and calibrated. 
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                           Distribution of indoor temperature error 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 

 

Cold week 

Fig. 3 Indoor insulation of zone 12 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 



 
 

Fig. 4 The algorithm workflow  
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Fig. 5 Example for vacancy period for each zone (for one simulation) 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

Fig. 6 Number of absences per year for 1000 simulations for apartments 01, 02 and 03 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Fig. 7 Number of absences over a year for all zones: two times per year 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

Fig. 8 Evolution of the internal temperature (blue) and the set point temperature (red) 

for zone 01 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 



 

 

 

 

Fig. 9 Yearly space heating-cooling thermal load (KWh/m2 of heated and cooled area) per zone and according to 

the number of absences per year 
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Tab. 1 Parameters of the R3C2 model 

Parameter Description Formula 

 

Ri (K/W) 

 

Internal resistance 
wallV iwallV roof iroof floor ifloor

1

S h  + S h  + S h  × × ×  

 

Ro (K/W) 

 

 Outer resistance o

office

1
R  = 

U
 

 

 

Rf (K/W) 

 

Losses through 

openings (windows) 

and due to air 

infiltration 

 

 

infiltration Window

infiltration Window

R R

R + R

×
   

 

Cs (J/K) 

 

Capacity of structure 

walls 

 

Cs = Daily capacity  ×  officeS  

 

Cres (J/K) 
Indoor capacity of the 

building 

    Cres = ρair  x Cair x Vair  +  Impact of furnitures on 

air capacity  

Qs (W) 
Solar flux  

 

Qres (W) 
Heating power inputs 

and Internal gain 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Tab. 2 Composition and thermal proprieties 

Materials Thickness (mm) Thermal conductivity 

(W/m.K) 

Vertical walls  

Terracotta 50 1.15 

LDR 100 0.041 

Terracotta 160 1.75 

Plaster 10 0.420 

Low floor 

Plaster 50 1.15 

LDR 100 0.041 

Concrete 160 1.75 

Plaster 10 0.420 

Roof 

Terracotta 50 1.15 

LDR 100 0.041 

Terracotta 

Plaster 

160 

10 

1.75 

0.420 

 Partition  

Plasterboard 

Air blade 

Plasterboard                                            

13 

15 

13 

0.325 

0.094 

0.325 

 Intermediate floor  

Concrete 

Mortar 

Tiling 

200 

50 

20 

1.75 

1.15 

1.7 

 Door  

 

Area (m²) 

 

1.7 

Uw (W/K.m²) 

5 

Windows 

  Uw (W/K.m²) 

Area (m²) 2.25 3.536 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Tab. 3 studies case. 
 

Cases State 

Standard All zones are occupied 

Case 1 Zone 01 unoccupied 

Case 2 Zone 02 unoccupied 

Case 3 Zone 11 unoccupied 

Case 4 Zone 12 unoccupied 

Case 5 Zone 21 unoccupied 

Case 6 Zone 22 unoccupied 
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Tab. 4 Heating loads (kWh/week) for the different case studies: cold week 

Zone Standard Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 

01 194,1 0 214,7 227,5 194,1 194,1 194,1 

02 138,8 166,9 0 138,8 162 138,8 138,8 

03 194,1 194,1 214,7 194,1 194 194,1 194,1 

11 165,4 210,8 165,4 0 180,4 214,2 165,4 

12 115,6 115,6 148,1 136,7 0 115,6 153 

13 165,4 165,4 165,4 165,4 180,9 165,4 165,4 

21 233,7 233,7 233,7 267,6 233,7 0 257,784 

22 180,2 180,2 180,2 180,2 203,4 210,3 0 

23 233,4 233,4 233,4 233,4 233,3 233,4 257,4 

Total 1620,9 1500,4 1555,9 1544 1582,3 1466,3 1526,2 

Max 1582,3       

Min 1466,3       

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Tab. 5 Cooling loads (Kwh/week) for the different case studies: hot week 

Zone Standard Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 

01 95,9 0 106,3 112,2 95,9 95,9 95,9 

02 71,7 85,3 0 71,7 83,3 71,7 71,7 

03 95,9 95,9 106,3 95,9 95,9 95,9 95,9 

11 81,3 103,7 81,3 0 88,9 105 81,3 

12 58,7 58,7 75,3 69 0 58,7 77,4 

13 81,3 81,3 81,3 81,3 88,9 81,3 81,3 

21 113,7 113,7 113,7 130,1 113,7 0 125,5 

22 91,2 91,2 91,2 91,2 102,8 105,5 0 

23 113,6 113,6 113,6 113,6 113,6 113,6 125,3 

Total 803,6 743,6 769,9 765,3 783,3 727,9 754,6 

Max 783,3       

Min 727,9       

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

Tab. 6 Distribution of holiday periods (INSEE 2004 [65]) 

 Holiday departure rate % Average number of days 

Period Summer Winter Summer Winter 

Type of household  

Single person 50,3 32,3 20,9 14,3 

Couple without 

children 
58,2 35,4 22,8 18,2 

Couple with 

children 
63,0 32,3 23,7 16,5 

Single-parent 

families 
55,2 26,3 19,3 12,3 

Other 43,0 21,5 21,9 14,5 
 




