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ABSTRACT 
This paper describes an initial agent-based model 
(ABM), of an ongoing research, to simulate 
occupants’ behaviours in dealing with summer 
overheating in residential buildings. The ABM was 
built in REPAST (REPAST 2013) and was linked to 
Thermal Analysis Simulation software TAS (EDSL 
2012), where a flat occupied by two adults was 
modelled. 
Currently, occupants’ behaviours include controlling 
windows and mechanical cooling systems (AC) to 
achieve comfort. Two cases were considered; (a) a 
base-case that represented typical behaviours, and (b) 
an improved-case behaviour where agents attempted 
to save energy. Results showed that the method 
described here produced credible results: under 
improved-case behaviour the average frequency of 
the use of mechanical cooling was reduced by up to 
over 40%, and the resultant cooling load of the 
hottest day dropped by around 15%. 

INTRODUCTION 
The building sector is responsible for more than 35-
40% of global energy use and as much as third of 
global energy related CO₂ emissions (Wenzel, 2009). 
In the UK, more than half of total energy is 
consumed in buildings and 29% of total energy is 
consumed in residential buildings (Pérez-Lombard et 
al. 2008). Therefore, the Inter Governmental Panel 
on Climate Change (IPCC) has identified the 
building sector as having the largest potential for 
significantly reducing GHG emissions (Kemp 2010). 
Most UK dwelling refurbishment has been focusing 
on reducing heating demand. However, projections 
from the UK Climate Impacts Programme predict an 
increase in the average annual temperatures of 1-3°C 
by 2050, with a shift towards drier summers. 
Depending on emission scenario chosen; by 2080 the 
annual temperature across UK may increase between 
2-3.5°C, and Southeast UK may experience an 
increase of up to 5°C (Hulme et al. 2002). This 
imposes uncertainty about the resilience of UK 
homes to climate change, and its impact on energy 
consumption and CO₂ emission due to the potential 
increase of using cooling systems. Thus, a holistic 
approach is needed that includes measures to reduce 

overheating and cooling demands as well. Occupants’ 
behaviours greatly influence energy use both directly 
and indirectly by interacting with building’s systems; 
including use of heating, opening windows, use of 
air-conditioning, and lighting (Peng et al. 2011). 
Therefore, understanding occupant behaviour is 
crucial to achieve an in-depth understanding of 
buildings’ energy use. 

Understanding occupants’  impact on energy use: 
Energy consumption in buildings is closely related to 
the characteristics of their operational and space 
utilisation, and to the behaviours of their occupants  
(Hoes et al. 2009). Significant variations in energy 
use among apartments of the same type with identical 
appliances were attributed to the differences in 
occupants’ behaviours (Peng et al. 2011; Fabi et al. 
2012; Gram-Hanssen 2010). A study by (Bourgeois 
et al. 2006) pointed that energy savings in excess of 
40% in buildings can result from changes in 
occupants’ behaviours. Nowadays building energy 
simulation tools are now widely used as a viable 
method to assess buildings energy performance. 
However several factors limit the accuracy of these 
models, and results show a big disparity between 
actual and estimated performance (Turner & Frankel 
2008). The modelling of thermal processes in 
building energy simulation models has advanced 
dramatically, however, the modelling of occupants’ 
behaviours; which can have a large impact over 
energy consumption, has not received as much 
attention (Degelman 1999). Occupancy variations 
significantly impact building energy simulation 
models as energy consumption estimations can vary 
significantly when occupants with different energy 
consumption rates are considered (Hoes et al. 2009). 
Understanding the importance of occupants’ energy 
behaviours is crucial to bridge the gap between 
predicted and actual energy use in buildings. Not 
only is it important to model occupants with different 
energy consumption patterns, it may also be 
important to model and predict their change in 
behaviour over time and the resultant impact on 
energy consumption (Jackson 2005). To cope with a 
changing climate, numerous changes to occupants’ 
behaviours will be required for example closing the 
blinds to keep out solar gain in daytime. By 



 

 

accurately modelling a range of current and future 
occupants’ behaviours we can better assess measures 
used to increase energy efficiency in buildings 
including social campaigns to change behaviours. A 
number of stochastic models have attempted to 
model occupants’ presence and interactions with 
space and equipment, these have mainly focused on 
office buildings. (Reinhart 2004) developed the 
Lightswitch2002 algorithm that predicted several 
behavioural patterns to deal with lighting and blinds 
in single and two person offices. (Bourgeois et al. 
2006; Bourgeois 2005) proposed Sub-Hourly 
Occupancy Control (SHOCC) model that dealt with 
the use of lighting, sun-shading, and opening of 
windows in office environment, which integrated the 
stochastic Lightswitch2002 algorithms into a whole 
building energy simulator ESP-r. However, most of 
these behavioural models are for occupants’ 
behaviours in commercial buildings, and present a 
specific application such as lighting controls, or 
single user behaviour, which limit their applicability 
to the home context as residential occupant 
behaviours tend to be more complex and 
unpredictable. To simulate the variety of occupants’ 
energy behaviours to achieve comfort and how they 
change over time remains an important aim. 

Agent-based modelling of occupants in buildings 
Theoretically speaking, an agent-based model 
consists of individual, autonomous, interacting 
objects called “agents” where each agent has a state 
and a rule, and the model aims to identify, explain, 
and generate emergent behaviours (Axtell 2000; 
Chan et al. 2010). ABM gained popularity as a 
method for modelling complex systems with 
interacting, autonomous agents. Ever since, a 
significant amount of work has been accomplished, 
which have further advanced the applications of 
agent-based modelling into various fields such as 
engineering, economics, biology and social sciences 
(Macal & North 2007; Macal & North 2011; Macal 
& North 2010). ABM can explicitly model the 
complexity arising from these individual behaviours 
and interactions, which gave rise to using agent-
based modelling to model social systems that consist 
of interacting agents, which influence each other, 
learn from their experience, adapt their behaviours, 
and where macro phenomena emerges from the 
micro-level behaviours and interactions among the 
heterogeneous agents (Macal & North 2011; Janssen 
2005). 
Over the last few years, there have been many studies 
that used ABM as a method to simulate occupants’ 
behaviours in buildings. ABM has been used by 
many researchers to simulate occupancy profiles in 
commercial buildings (Liao et al. 2010). (Li et al. 
2009) deployed the use of ABM to assist the design 
of an HVAC system. In this study, the occupancy of 
an emergency department of a health care facility 

was simulated he found that a reduction of 43% of 
the installed capacity was possible when occupancy 
was properly estimated. Another study by  (Erickson 
et al. 2009) used ABM to optimise HVAC loads by 
modelling occupancy and usage patterns in 
commercial buildings in order to achieve energy 
savings. It was concluded that HVAC energy savings 
of approximately 14% can be achieved when 
simulating more accurate occupancy patterns. Also, 
(Azar & Menassa 2012) used ABM to estimate 
energy consumption in commercial buildings. 
Different energy categories to represent different 
energy consumption behaviours were represented, 
and agents were considered to be constantly trying to 
influence other occupants sharing the same room to 
change their behaviours and adopt their energy use 
characteristics. Energy consumption was calculated 
in “eQuest” and occupants in this model had control 
over lighting and internal blind positions. It 
concluded that a reduction of 23% in electricity 
consumption was achieved, gas consumption only 
dropped by 5% as agents had no control over space 
heating. (Kashif & Le 2011; Kashif et al. 2013) 
proposed using ABM to simulate occupants’ 
behaviours for energy-smart homes, and assessed the 
sensitivity of occupants’ behaviours for energy 
control and management. The model took into 
consideration the dynamic and social behaviours of 
occupants, and was connected to a simple building 
simulator. The authors considered three aspects while 
building the model including; the impact of 
behaviours on energy consumption, home context 
and a Human Behavioural Representation (HBR). A 
questionnaire was conducted by the authors in order 
to capture occupants’ behaviours in addition to the 
information gathered about the appliances’ energy 
consumption in the house. Then a causal model of 
occupants’ behaviours was built using Brahms 
(Sierhuis et al. 2007). The Brahms simulation 
environment was then coupled by simple building 
simulator created in Matlab/simulink through a Java 
interface. The paper pinpointed the importance of 
dynamic behaviours for an accurate energy 
simulation in order to predict energy trends and 
reduce energy consumption. 
Literature specific to the use of ABM to simulate 
occupants’ behaviours tends to focus mainly on 
commercial buildings, where agents simulate 
occupants presence rather than occupants’ detailed 
energy behaviours. The study by (Azar & Menassa 
2012) showed the potential of modelling occupants 
behaviours and interactions, rather than only 
modelling occupants presence. However, only a 
narrow stream of interactions were included. The 
model presented by (Kashif et al. 2013) presented the 
significance of dynamic behaviours within the home 
context, however, not all aspects of behaviours were 
covered as they considered the case of buildings with 
power management systems where space heating, 



 

 

which accounts for over a half of domestic energy 
consumption in both UK and USA (Pérez-Lombard 
et al. 2008) was centrally controlled and occupants 
did not have access. Moreover, the building 
simulation that the model was linked to is a function 
built in Matlab rather than a validated building 
simulation tool, which could affect the accuracy of 
the simulator predictions. 
As a consequence, there is a need to broaden the 
scope of research to include more detailed energy 
behaviours of occupants, their change over time, and 
use these behaviours in a validated dynamic building 
simulation tool to estimate the occupancy effect on 
the levels of energy consumption, to start bridging 
the gap between actual and estimated energy 
consumption in buildings, which is the objective of 
the on-going research presented in this paper. 

PROPOSED METHODOLOGY 
It has been proposed to use ABM to simulate 
occupants’ behaviours in residential buildings when 
dealing with summer overheating, which can be 
linked to a dynamic building simulation model in 
order to assess occupant impact on comfort and 
energy consumption. A better dynamic representation 
of occupants will be developed that could assist 
current building simulation tools in achieving more 
accurate results. As a first step toward building the 
pilot model, factors that affect occupants’ behaviours 
in response to overheating in residential buildings 
will be initially assumed, where different hypotheses 
will be tested such as the response of occupants to 
physical stimulus, or to increasing energy prices. As 
the research progresses, these factors will be driven 
from monitoring data. The ABM has been proposed 
to be built using REPAST Simphony, which is an 
open source agent-based modelling library 
specifically developed for ABM of complex adaptive 
systems (North et al. 2013). For every time step, 
agents’ interactions with the building’s systems such 
as lighting, cooling, heating, etc. will be saved and 
fed into a dynamic building simulation tool to 
estimate environmental conditions for the next time 
step. Initial tests and sensitivity analyses to identify 
key input parameters that the model is sensitive to 
will be performed to identify key factors that need to 
be monitored and acquired during data collection 
from actual operating residential buildings. Collected 
data will be used to test the model, and if necessary, 
the model will be modified. The final step is to 
validate and verify the model. This general 
methodology is summarised in Figure 1. In the 
following section, the methodology will be explained 
in detail by presenting an initial case study. 

SIMULATION OF OCCUPANTS’ 
BEHAVIOURS: AN INITIAL CASE-STUDY 
An experimental ABM was built to simulate a flat 
occupied by two  adults  for  24  hours  a  day,  where  

 
Figure 1 General proposed methodology 

 
occupants are awake from 8:00 AM until 11:00 PM. 
The flat included a living room, bedroom, kitchen 
and bathroom.  
Initially, only the interactions of occupants with the 
rooms’ windows (opening or closing) and with the 
mechanical cooling system (AC) (turning on or off) 
are included in the model, however, more actions 
will be added as the research progresses. Location 
probability is associated with every occupant that 
determines their location at every time step, and 
guide their movements in the flat. Moreover, a 
temperature threshold profile (probability profile) 
and seniority ranking were associated with each 
occupant. The former calculates the probability of 
taking an action based on internal temperature. It was 
proposed to use this profile to test if changing 
profiles set points would lead to changes in agents’ 
behaviours. The latter was introduced so the 
occupant with a higher “seniority” will be the one 
responsible for taking an action when more than one 
occupant is in the same room. TAS was used to 
estimate the building energy performance and 
internal temperature resulting from the schedules of 
window openings and AC usage produced by the 
ABM model. Two cases were considered; a base-
case behaviour that represented a typical behaviour, 
and an improved-case behaviour where occupants 
attempted to save energy. 

The ABM model 
As mentioned earlier, the REPAST platform was 
used to build a pilot ABM model. Two main “agent” 
classes were built into the model; 1) a Person class 
and; 2) a Room class. Person class included all the 
information regarding the occupant such as ID, 
seniority, temperature thresholds, and other variables. 
Attributes of the rooms such as ID, room 
temperature, the status of window and AC, and the 
number of occupants in the room were held in the 
Room class. 
For each timestep the model first extracts each 
room’s default temperature from TAS. Then, the 
model checks the wake status and location 
probability for each agent. The location probability 
of a person is provided to the model via an input-data 
file currently containing dummy data for each 
occupant’s location. Then, the model performs the 
following checks: 
1. Are there any occupants in a given room? This is 

done by comparing the location of each person 



 

 

with each room ID, and when they match, this 
information is saved. 

2. Is this agent the most senior one? one most 
likely to make decisions regarding interaction 
with the room’s systems? When another agent is 
present, the agent with the highest rank will be 
assigned as the most senior one, (seniority 
ranking is assigned prior to the simulation, but 
could also be a dynamic variable in future 
versions). If the agent is alone in the room, it is 
considered to be the decision maker. 

3. Is the occupant comfortable? If a room’s 
temperature is outside the occupant’s comfort 
range, an action has to be made to restore 
comfort. The probability of the occupant to 
open/close the window or to turn AC on/off is 
calculated based on internal temperature. Figure 
2 shows a temperature thresholds profile 
(probability profile) for an agent to take an 
action based on internal temperature. Every 
agent has a different probability profile based on 
personal preferences of internal temperatures. 
The predicted probability Yᵢ for a certain 
temperature Tᵢ is then calculated using the 
following linear formula: 
 
Where b₀ is the intercept point with probability-
axis, and b₁ is the gradient of the line. 

If the agent is the most senior then a random 
probability number is generated, and if the random 
probability is less than predicted probability then the 
required action takes place, otherwise nothing 
happens. 

 
Figure 2 Probability profile to calculate predicted 

probability to take a certain action. 
 

These iterations repeat for the number of hours in a 3 
month period (~2232 hours), and all information is 
exported. Figure 4 summarises the aforementioned 

steps. However, it is worth mentioning that this 
function will be replaced in the future by introducing 
more complex choice and social negotiating models 
that will be developed in the next phase of the 
research. 

Building’s dynamic simulator 
To test the ABM model, a virtual model of a high-
rise residential building block is used. The model was 
built by the author in TAS to test different occupant 
cooling behaviours and their impact on energy 
performance (Figure 3). 

 
Figure 3 Simulation of the building in TAS  

 
Figure 4 The current ABM flowchart 

Yᵢ = b₀+b₁ × Tᵢ                          (1) 



 

 

A geometry and construction materials are specified 
for the various building elements. Internal conditions, 
aperture openings, schedules, based on hourly 
timesteps, and weather information are defined as 
well. For the sake of this experimental test, a hot 
weather profile was used to ensure necessary actions 
in response to overheating. 
The simulation in TAS covers one flat (highlighted in 
red) for the summer period (from 21 Jun till 21 Sep), 
where two adults occupy the flat. First simulation of  
the building in TAS assumes no cooling or windows 
opening occurring in the flat. The internal 
temperature of every room in the flat is estimated by 
TAS, which are used as ABM’s inputs, only for the 
first time. Thereafter, more accurate schedules are 
now produced in the ABM model. The ABM outputs 
are constituted of hourly schedules over the entire 
simulation period (summer season), for window 
opening and the use of mechanical cooling in the 
living room, master bedroom and kitchen. 
These schedules will then be returned to TAS, which 
re-calculates resultant internal temperatures and 
cooling loads for the modelled flat. The results from 
this run are then used for the next iteration of the 
ABM simulation, as illustrated in figure 5. 

 
Figure5. The process of a full simulation between the 

ABM model and TAS 

Initial results and discussion 
Two different energy consumption profiles were 
tested. It was proposed to use temperature thresholds 
as a method to categorise cooling use patterns where 
a higher temperature threshold (encoded in the 
probability profile) represented a more efficient use  
of cooling systems. The first case study was on 
“Base-case” behaviours. Then a second case study 
was on “improved-case” behaviours, which was 

represented by changing temperature threshold 
profile of occupants. Figure 6 shows the temperature 
threshold profile for person1 under both cases. The 
other person had different profiles with different set-
points to introduce diversity and conflicts between 
agents when it comes to deciding what is 
“comfortable”. 
 

 
 

Figure 6. Occupants’ probability profile for ”base 
case” (top) and for “improved case” behaviour 

(bottom). 
For each case, the process of feeding the ABM model 
output into TAS and then using the resultant internal 
temperatures from TAS back into the ABM model 
was done over six iterations (figure 5). After 6 
iterations the difference between successive iterations 
is minimal. Agents in the current model lack the 
ability to learn. However, it is planned that agent 
learning will be developed in the next phase of the 
research. The aim of the research is to investigate 
how humans can optimise their response to 
overheating, we would expect humans to  open 
windows more when temperature is cooler, and will 
use blinds during the daytime, and only use cooling 
systems when it is uncomfortably hot, however 
contrary behaviours may arise and this model could 
help identify ways to avoid sub-optimal behaviours. 
Table 1 shows the number of hours of windows 
opening and AC usage after six iterations over the 3 
months simulation period under both base case (B-
case) and improved case (Imp-case) behaviours. It 
shows an increase in windows opening under 
improved case behaviour, while the number of hours 
of using AC is reduced in all rooms. 
Figure7 represents the frequency of window opening 
and turning AC on, in relation to internal temperature 
ranges (of 1 °C) in living room under both “base-
case” and “improved-case” behaviours. In general, 
window opening frequency outweighed the 
frequency of turning the AC on. Under the 
“improved-case” simulation, where agents’ 



 

 

temperature thresholds increased by 2°C, more 
window  opening  accompanied  by  a  reduction     in 
Table 1 

Number of hours of window opening and using AC 

 
using AC was observed. At the temperature range of 
26-27°C for instance, AC usage in living room 
dropped by over 50%, and the frequency of opening 
windows was more than double that of using the AC. 

 
Figure7. Frequency of opening window in living 
room under “Base-case” and “improved-case” 

behaviour (top) and Frequency of turning AC on in 
living room under “Base-case” and “improved-

case” behaviour (bottom) after six iterations 
The resultant cooling loads were estimated by using 
TAS building simulation tool. Under the “base-case” 
behaviour the thermostat setting was considered as 
24°C, where under “improved-case” behaviour it was 
set at 26°C. Figure 8 presents the average cooling 
loads over the entire simulation period after six 
iterations. At the flat level, it shows a reduction of 

around two-thirds of cooling loads under “improved-
case” behaviour in comparison to the “base-case” 
behaviour. 
For the hottest day in the entire simulation period, 
day 230 August the 18 ʰ, the following figure 
(figure 9) shows the cooling loads in individual 
rooms and at the flat level after six iterations. 

 
Figure 8 Average cooling loads over 3 months 

period. 
For the hottest day, in both simulations, cooling loads 
peaked when external temperature exceeded of 35°C.  
Under the “base-case” behaviour, peak cooling loads 
at the flat level were around 4.9 KW, whereas under 
the “improved-case” behaviour the cooling loads 
peaked at 4 KW; a reduction of almost 15% in 
cooling loads.  

 
Figure 9. Cooling load for the hottest day under 

“base-case” behaviour (Top) and “improved-case” 
behaviour (bottom) 

CONCLUSIONS 
Current energy simulation tools underestimate and 
misrepresent the role of occupants’ behaviours in 
determining energy consumption levels. Most 

 WINDOWS AC  

Room B-
case 

Imp-
case 

B-
case 

Imp-
case 

Change 
in Win 

Change 
in AC 

Living 903 1472 656 390 +63% -41% 

Bed 192 929 112 64 +384% -43% 

Kitchen 88 720 258 182 +718% -30% 



 

 

behavioural models that try to address occupants’ 
behaviours mainly focus on commercial buildings 
and cover narrow ranges of behaviours within a 
controlled profile environment, which limits their 
applicability into a residential context. 
A pilot ABM that was linked to TAS to simulate the 
interactions of occupants with residential building 
systems in response to overheating was presented 
throughout this paper. The model used simplified 
parameters as the purpose was to set foundation to 
next stages of this research. The current range of 
interactions includes window opening/ closing and 
using AC. Personal temperature thresholds profiles 
(probability profiles) were used in this model to test 
if they would lead to changes in agents’ behaviours 
when changes to temperature threshold set points 
were introduced. 
The initial results of the model showed a change in 
agents’ behaviours when changing the agent 
temperature profile. The higher the temperature 
profile set-points were, the less usage of cooling 
systems, and more window openings took place. 
Results showed a reduction of using mechanical 
cooling by up to 43 % under improved-case 
behaviour, while windows opening increase 
dramatically after six iterations. When linked to TAS, 
average cooling loads on the hottest day were 
reduced by over 15%. Thus, it showed the potential 
of this approach towards more realistic representation 
of occupants’ behaviours within home context, and 
obtaining more realistic estimation of energy 
consumption levels. 
Future steps are to expand the model to include 
multiple flats while covering several families with 
different behaviours and occupancy patterns, and to 
expand the model to cover more actions such as the 
use of blinds, lighting, fans, clothing level, heating 
systems, etc. The model considers the issue of 
summer overheating in the UK, but also its 
applicability could be extended to include hot 
climates in the Mediterranean region. 
Currently the model assigns seniority as a way to 
represent decision-making, however, decision-
making and negotiation within the household, the 
social interaction and the influence of other agents in 
neighbour household to change energy behaviours 
will be properly investigated and included in the 
model. As for personal preference, it currently 
includes thermal preference, which will be 
thoroughly investigated during data collection and 
linked to a thermal comfort model, along with other 
parameters such as the control of clothing, 
metabolism, age, etc. 
Data from actual residential buildings will be 
collected by monitoring and interviewing occupants, 
and learning how they deal with overheating. This 
data will be used to test the assumptions made in the 
model about occupants’ behaviours, and also to 

validate the model after making any necessary 
changes to the model. 

NOMENCLATURE 
Yᵢ probability of taking an action 

b₀ the intercept point with Probability-axis 

b₁ the gradient of the line 

Tᵢ room’s internal temperature 
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