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ABSTRACT
To better understand how we can improve urban
sustainability we need to focus our predictive efforts
at the grassroots level of individual inhabitants. To
this end we propose a multi agent simulation platform.
In describing each element of this platform we review
research advances in modelling occupants’ presence,
activities, behaviours, comfort and investments;
suggesting also where further research is required. Our
motive here is not to be prescriptive, but simply to
start a debate and the process of achieving consensus
so that research and development efforts are targeted
in a common direction.

INTRODUCTION
One of the greatest sources of uncertainty in building
and urban simulation relates to the presence and
behaviour of building occupants; how this changes
with time and varies between individuals. In
recognition of this, there has been considerable
research activity in recent years to better understand
and thus predict when occupants are likely to be
present in buildings and, whilst present, how they will
interact with the building envelope, its control systems
and the appliances accommodated within it. The
purpose here is to better predict the heat flows in
buildings as well as the electrical power demands of
lights, appliances and HVAC equipment. This is
important for the design of buildings that are robust to
the range of plausible behaviours from their occupants
as well as for the design and sizing of energy supply,
storage and control infrastructure serving these
buildings.
Concerning this latter point, the concept of smart or
adaptive grids is gaining increasing interest within the
research and demonstration communities. Simulations
which enable users to investigate the potential for
demand side management, based on appliance-level
micro-simulations, or for locally utilising embedded
generation and storage hardware to meet the
associated aggregate demand profiles, would be of
particular interest.
A natural way to handle the above challenge of
modelling variations of occupancy-dependent energy
fluxes with time and between individuals, right down
to individual items of equipment, is through multiagent simulation (MAS). To this end we begin this
paper by outlining the desired attributes of a
comprehensive MAS platform and a possible

corresponding structure. We then go on to describe in
detail the attributes that each element of this platform
should possess and the challenges involved in
satisfying these.
Our aim in this is a simple one. The work required to
achieve a fully comprehensive and robust MAS
platform is enormous. Achieving this long term
objective will require coordination of research efforts,
the sharing of data and the sharing of research results.
It is hoped that this paper will provide a useful step
towards achieving this.

PROPOSED PLATFORM STRUCTURE
The MAS platform structure that we propose in the
following is motivated by our work in urban energy
simulation; in particular by an ambitious project to
simulate in detail the energy flows of the city of
Zürich in Switzerland. Our objective in this project is
to test strategies for reducing the cities’ primary
energy use by a factor of almost three by 2050 (Wilke
et al, 2011). For this our approach is to couple
software which simulates buildings’ energy demands
and the storage and supply of energy to meet them,
called CitySim (Robinson et al, 2011), with software
which simulates individual journeys within the city
and the associated transport energy use, called
MATSim (Axhausen, 2011). Our means for coupling
these software is through the exchange of agents and
their corresponding attributes. It is with this context in
mind that we propose the following.
Platform structure
At the beginning of the simulation (Figure 1) a
synthetic population of agents is created,
corresponding to the designated total population of the
building or urban scene of interest, each of which is
assigned a unique identifier (ID). Each agent is then
assigned constant attributes that will define the agents’
specificities with respect to time varying locations,
activities and associated behaviours.
A pre-processor then determines the periods during
which those agents that are employed or in study are
absent, whether due to illness, vacation or for some
vocational reason. A further pre-process then predicts
the chain of arrivals and departures at each of the
target destinations throughout the period of interest,
taking into consideration whether the agents are in a
period of vocational absence or not and whether this
absence entails their departure from our scene
(because they’re on vacation).

- 2110 -

Proceedings of Building Simulation 2011:
12th Conference of International Building Performance Simulation Association, Sydney, 14-16 November.

Agents’ activities whilst present at each destination
are then simulated. Depending upon the degree of
internal building spatial resolution, the probable
location corresponding to these activities may also
then be simulated; likewise the associated metabolic
heat gains and gaseous pollutant emissions.
The agents’ presence (and corresponding zone ID if
applicable) and associated pollutant emissions are then
parsed to our environmental solver, in this case
CitySim, which in turn parses environmental variable
(or stimuli S) and activity IDs for each agent to a
family of behavioural models.
These models in turn simulate occupants’ use of their
building envelope (windows and blinds), systems
(lights and HVAC system settings), appliances (water
and electrical) and personal characteristics. In certain
cases these behavioural actions have a direct impact
on pollutant emissions – for example in the case of
bathing or cooking appliances – which may in turn
influence other actions. Some actions also have a
direct impact on the energy balance of a building or
zone thereof, for example due to a modified
transmitted luminous flux or shortwave irradiance, a
change in advective flows or a change in system
settings. These feedback mechanisms also therefore
need to be taken into consideration.
Upon achievement of a converged numerical solution
to the simulated environmental state of our building or
zone, the implications for occupants’ environmental
(visual, thermal, olfactory and aural) perception may
be predicted, with due regard for the effects of the
behavioural actions exercised.
This process continues for each timestep of each
building until all journeys, buildings (b) and
associated activities have been simulated for the
period (t) and scene of interest.
But experience shows (Haldi and Robinson, 2011a)
that single simulation results from the application
either of deterministic or stochastic representations of
occupants’ presence and behaviour can lead to very
misleading results. Indeed, this is part of the
motivation behind the present paper. It is thus
important to solve for a set of g replicates of our scene
(involving a reassignment of agents’ characteristics
for each g-th generation) throughout the period of
interest, so that we have not a single simulation result
(for a given aggregate performance indicator) but a
distribution of simulated outcomes.
Finally, we may also repeat the above process to take
into consideration changes in the boundary conditions
of our scene. In this way we can emulate scenarios
influencing agents’ investments in more sustainable
technologies or indeed in changes to their behaviour.
In this case we need to generate a new generation of
agents, perhaps with revised socio-economic
characteristics influencing their appliance ownership.

We may also need to modify the physical composition
of our scene to reflect possible investments to improve
its energy and environmental performance.
In the following we describe the form that each of
these modules might take, based on our experiences
with simulating the city of Zürich.
Synthetic population and parameter assignment
In Switzerland each inhabitant is required to be
registered with their local commune. If the boundaries
of the scene to be studied correspond with communal
boundaries then the population size (N) is readily
available and it is a straightforward matter to make the
corresponding entries in a database table, each entry
having a unique ID. Alternatively, census data may be
required for this. It may also be necessary to add
additional members to this population to account for
commuters into our scene.
The range of parameters that are required to be
assigned to each of these agents clearly depends on the
subsequent models to be employed. For Zürich the
following data are required:
• Inhabitants’ census: age, gender, household
membership and location.
• Inhabitants’ micro-census: vehicle ownership and
daily travel plans (incl. destination type and
location) for a sample of the population.
• Enterprise census: Location, type of economic
activity and number of employees.
• Inhabitants register: income level.
• Public transport records: public transport flows.
• Time use surveys: activity model calibration
parameters.
• Dedicated field surveys: appliance ownership,
behavioural and investment model calibration
parameters.
Ideally these data would be processed to deduce
suitable univariate or multivariate distributions, to
ensure coherence amongst related attributes. It is these
processed distributions that would be held in the
database that is consulted at run time. The
corresponding parameters would then be assigned to
our agents using a Monte Carlo method.
Presence
Several options are available to us for the simulation
of occupants’ presence at each of their target
destinations and whilst not engaged in a long absence.
For Zürich we use a Multi-Agent Transport simulation
program MATSim to simulate agents’ daily journeys.
For each stage of this journey we thus add entries to
our agent database table which correspond to the
arrival time, location and departure time (Robinson et
al, 2009).
Alternatives to dedicated transport micro-simulations
include the use of either measured presence data or the
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use of time-use survey or micro-census statistics to
derive a model of occupants’ presence.
The former approach has been followed by several
workers (Newsham et al, 1995 and Reinhart, 2004;
Wang et al, 2005; Page et al, 2008). Of these the
Markovian model of Page et al, in which transitions in
status absent and present are dynamically simulated,
is the most complete and rigorously validated. But
Liao et al (2011) have recently generalised this model
to solve for multiple occupants of both single and
multi-zone buildings. This is interesting since it offers
the prospect of extension to solve for occupants’
transport within buildings, given a corresponding
spatial network description. The challenge with these
models relates to the availability of reliable measured
(longitudinal) data describing occupants’ presence,
particularly in the case of zones accommodating
multiple occupants. For the purposes of urban
simulation in which we have little or no knowledge of
the internal spatial composition of the buildings being
simulated the model of Page et al (2008) is
appropriate, requiring that each agent be associated
with a time-dependent profile of the probability of
presence as well as a mobility parameter.
The alternative approach mentioned above involves
the use of transverse survey data in which a large
population of individuals is asked to complete a diary
of their activities or travel plans. These data may first
be processed to give a chain of times at which the first
activity started in a given type of building: the number
of links in the chain corresponding to the number of
building types the respondent used. It is then a
straightforward matter to derive a time-dependent
state transition probability matrix with which to
perform Monte Carlo simulations of transitions in
occupation from one building i to another j : Tij (t ) .
But the above models are only designed to predict
profiles of presence during periods in which occupants
are not absent from their vocational occupation for
long periods of time. The reasons for such absences
include planned vacations, planned work-related trips
and unplanned illnesses. Aside from bank holidays the
timing and duration of these absences, whether
planned or otherwise, tend to vary from one person to
the next and from one year to another; they are
stochastic in nature. Unfortunately we are not aware of
a single stochastic model which addresses this
problem in a convincing way. This is not because of
any intrinsic difficulty, but simply a reflection of the
lack of available data: firms are somewhat unwilling
to release data regarding employees’ absences from
work and the reasons for them (and thus the likely
destination). But it is problematic because in
combination these causes for long absences may be
responsible for a cumulative absence of upto say nine
weeks (or over one sixth of the year) for someone who
is absent due to illness for one week, on vacation for

five weeks and on business trips for three weeks; a
profile which is not particularly extraordinary in
Europe.
Activities and location
To better understand how members of different
segments of a country’s demography spend their time,
social scientists have longsince made use of Time Use
Surveys (TUS). These are essentially diaries in which
a duration of typically 24h is discretised into small
time slots (say 10min) and respondents are asked to
define which activity from a choice of N they were
involved in during each slot.
Initially the format of the surveys conducted in
different countries differed, depending upon the
objectives of the time. Fortunately the format of the
surveys has begun to be standardised, in particular in
Europe, to facilitate comparisons between countries.
These surveys provide building and urban physics
researchers with an incredibly powerful resource with
which to predict how building occupants spend their
time and to be able to take into (indirect) consideration
cultural differences between countries. This is
valuable because these activities can have a direct
bearing on the behaviours of interest to us: the use of
lights and appliances (both water and electrical) as
well as of windows and shading devices. For example,
the activity “cooking” is rather likely to involve the
use of a cooker and thus the opening of a kitchen
window to evacuate pollutants. We are less likely to
open the bathroom window whilst bathing than we are
when we have finished, this time to evacuate excess
moisture…etc. Being able to predict occupants’
activities should thus enable us to predict occupants’
related behaviours with greater reliability.
In the present context, the use of TUS data to inform
the development of a model predicting occupants’
activities was pioneered by Tanimoto et al (2008).
Specifically this study involved the completion of
diaries by the occupants of two apartment buildings.
This was combined with survey data describing the
probability of ownership of household appliances and
the peak and standby power demands of these
appliances to predict electrical appliance power
demands, given certain assumptions regarding the use
of appliances in conjunction with relevant activities. A
similar approach was followed with respect to light
and electric hot water heater demands to complete the
picture with respect to aggregate electrical energy
demands. Widen et al (2009a, 2011) have followed a
similar approach, but this time based on relatively
large TUS datasets collected for social studies and
assumed appliance ownership, constant in use /
standby power demands and assuming appliances to
be in use throughout a relevant TUS activity. By
associating an activity with the type of room in which
this activity is likely to take place Widen et al (2011)
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also predict the locations of occupants of residential
buildings.
Until now Tanimoto et al (2008) appear to have used
empirical TUS data directly, as have Widen et al
(2009a, 2011). But these latter have also developed a
calibrated a model to generate synthetic activity
sequences as an inhomogenous Markov chain – by
calculating
time-dependent
state
transition
probabilities the future activity is predicted from the
present activity using the inverse function method.
Until now Widen et al (2011) use hourly state
transition probabilities (applied to sub-hourly
simulations), but this nevertheless requires transition
probability matrices of size N 2 ⋅ t for each day type
(e.g. weekday, weekend) and a potentially large
number of redundant simulations (simulations
predicting no activity transition). Rigorous validation
of this first activity model has also yet to be published,
perhaps due to the limited size of the TUS calibration
dataset available to them.
In summary then there remains considerable scope for
further work to develop a better adapted and
rigorously validated activity model based on available
TUS data; particularly if either the standardised
European TUS or the very substantial American TUS
datasets are used. Particularly promising lines of
inquiry would include:
• Calibrating a model predicting the probability
with which a given activity will start with respect
to time and a further model predicting the likely
duration of this activity.
• Determining whether the most probable activity
should be modelled as a Bernoulli process or as a
Markov chain.
• Determining an optimal disaggregation of the
TUS dataset to encapsulate the dependency of
activities with respect to age, gender and day of
week for example.
As with all such models, the recommended approach
should be based on a principle of parsimony: the
minimal model that provides us with the required
predictive power.
Behaviour
The purpose of the models predicting occupants’
presence and subsequent activities is to improve the
reliability of predictions of those facets of occupants’
behaviour which impact on buildings’ demands for
applied resources, in particular of energy and water.
We focus on this in the following.
Appliances
A variety of approaches have been applied in the past
to model occupants’ use of appliances. In the present
context we’re particularly interested in bottom-up
micro-simulation approaches. Broadly speaking two
such approaches have been applied in the past. The

first links an appliance inventory with occupants’
presence and observed temporal power demand data in
order to predict when, for how long and at what power
demand appliances are likely to be in use (Walker and
Pokoski, 1995; Yao and Steemers, 2005; Paatero and
Lund, 2006; Page, 2007). The second links such an
inventory with occupants’ activities, either using
empirical data directly or using a derived stochastic
model (Capasso et al, 1994; Jardine, 2008; Richardson
et al, 2008, 2010; Tanimoto et al, 2008; Widen et al,
2009a).
In the former case there is little or no underlying
rationale describing the use of appliances at a
particular point in time so that the method appears to
lack generality, particularly if one wishes to test
hypotheses as to how appliance behaviour might be
influenced. This is represented in the latter, but
typically based on assumed appliance ownership and a
deterministic representation of the power demands of
appliances that are assumed to be active during the
relevant activities.
Until now there has been no attempt to unify a
stochastic model of occupants’ activities with a
stochastic model of appliance ownership and use.
Such an approach would require that a transverse TUS
dataset be combined with a complementary transverse
appliance ownership dataset and a longitudinal
appliance power use dataset. But if this were available
the resultant algorithm might usefully encapsulate the
following:
• Allocation of electrical appliance, conditional on
variables such as household composition and
wealth (in the residential case) or on business
activity (in the non-residential case).
• Time-dependent activities
conditional on
vocational status and possibly age and gender:
time-dependent probability of starting an activity
(Bernoulli or Markov process) and the
corresponding probability distribution of duration
of use.
• Time-dependent probability of switching on
(Bernoulli process) an appliance conditional on
the activity being conducted (or probability
distribution of time the appliance(s) not being
switched on); probable duration for which the
appliance will be switched on given the remaining
activity duration; probable time-varying power
demand whilst switched on (Markov process).
Note that as with Page (2007) this model should
handle appliances which are switched on by the
user but switched off automatically.
Lights
The modelling of occupants’ use of lights is relatively
well developed in the case of non-residential
buildings. In particular, and following from the work
of Reinhart (2004), the probability of switching on
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lights at arrival as a function of minimum internal
workplane illuminance (Ei,min) may be predicted by the
expression due to Hunt (1979). Switching on lights at
intermediate times is also predicted as a function of
Ei,min, but by the expression of Reinhart and Voss
(2003), whereas switching off at departure will be
modelled as a function of expected duration of
absence (Pigg et al, 1996). Note that interactions with
blinds will be resolved before those with lights.
With respect to residential settings Stokes (2004) has
developed a black-box model of normalised lighting
power demands which is fitted to measured data using
time as the sole independent variable. The model’s
predictions compare well with the data from which it
is fitted, but it lacks generality.
Richardson et al (2009) first allocate lights to
residences based on aggregated ownership statistics
and determine light switching probability as
dependent on outdoor illuminance and the number of
active occupants present, as deduced from TUS data.
Aggregated empirical data is then used to determine
the duration of lighting use and to normalise the
predicted demands to ensure a fit to measure data.
Tanimoto et al (2008) on the other hand relate
occupants’ activities to location within their apartment
and thus to local lighting use, assuming lights to be
consistently switched on during a standard (seasonindependent) period of nightfall. Widen et al (2009b)
refine this approach by predicting the approximate
indoor illuminance and assuming a deterministic
dimming control of lights to maintain a preset total
internal illuminance. Aggregated predictions from this
model compare reasonable well with measured data,
but only following from the fitting of additional
parameters using the measured data.
To date there has been no attempt to develop a
stochastic model of light switching probability based
on observations in residential environments. In
common with the appliance model, such a lighting
model would ideally combine both transverse TUS
and installed lighting equipment data with longitudinal
lighting power use data.
Windows
The use of windows is probably the most intensively
researched aspect of occupants’ behaviour to date. For
a review of the significant progress made thus far we
refer the reader to Roetzel et al (2010). Of the models
developed thus far, the most rigorously formulated
and validated is, we suggest, that due to Haldi and
Robinson (2009). Calibration parameters have also
been deduced from numerous individuals which
represent a diversity of behaviour types. These
parameters may be randomly selected in a pre-process
to provide for inter-individual variability.
Although developed from data from office
environments the form of this model has also been

shown (Schweiker et al, 2011b) to be well adapted to
modelling window opening behaviour in residential
settings (in spaces where there are minimal internal
pollutant sources). A first attempt to predict window
opening angle is also proposed for this case.
But the models developed so far have yet to link
behaviour with activity and the corresponding needs
either for privacy (e.g. whilst sleeping, getter
(un)dressed or bathing) or to reject pollutants (e.g.
from cooking or bathing), particularly in residential
settings. Further work is required here; ideally
combining longitudinal measurements and TUS data.
Shading devices
Occupants’ use of shading devices has received
relatively little attention until now. Progress made so
far is reviewed by Parys et al (2011) who conclude
that the most elaborate model to date is that of Haldi
and Robinson (2010), which is also the most
rigorously validated of the available models.
The form of this model appears to be sound and, in
common with their window opening model,
calibration parameters have been formulated for a
range of individuals expressing a diversity of
behaviours; these too may be randomly assigned as a
pre-process. But the model and its calibration
parameters have been deduced from a peculiar
configuration of a lower vision window and an upper
anidolic window, both having independently
controlled shading devices. Further work is thus
required to derive a form of model and associated
calibration
parameters
for
more
common
configurations of shading device. There is also a need
to study shading device behaviours in residential
settings, which may be more predictive than
responsive in nature, as many occupants’ are absent
during the daytime on weekdays.
HVAC systems
To date relatively little attention has been paid to
modelling occupants’ use of HVAC equipment. To the
authors’ knowledge the only concerted effort in this
direction has been made by Tanimoto et al (2005,
2011). In the first case the status (on/off) of a cooling
system is modelled as in homogenous Markov chain,
with temperature as the sole independent variable.
Their later work improves on this approach by using a
Multilayered Artificial Neural Network relating a set
of nine independent variables (groupings of time of
day, whether a weekday, a comfort indicator and
density of presence) to on/off probability. But this
model is derived from a relatively constrained dataset
and so lacks generality.
To date there has been no attempt to develop a general
model predicting the probability of switching on or off
the range of HVAC equipment, together with
occupants’ desired setpoint temperatures, and how
these choices depend on the range of key
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environmental stimuli and possibly on occupants’ age
and income.
Personal parameters
The little progress that has been made with respect to
modelling occupants’ adaptation of their activity and
clothing level is reviewed by Haldi (2010) and a first
model for predicting occupants’ clothing levels is
presented in Haldi and Robinson (2011b). Initial work
by Haldi (2010) suggested that there is little impact of
office occupants’ activity on perceived thermal
sensation, as these activities and thus the metabolic
rate tend to be somewhat constrained. This may not be
so in residential settings. Further work would thus
appear to be merited here.

Our motive here is not to attempt to be prescriptive,
but simply to start a debate and the process of
achieving consensus so that R&D efforts are more
effectively targeted in a common direction. We would
also like to strongly encourage the free sharing of
knowledge and data towards the achievement of this
aim. Data in particular we have found is a precious
commodity in the development of robust and validated
models of occupants’ behaviour.

Environmental perception and investments
Haldi and Robinson (2010b) provide a theoretical
framework according to which: (i) the probability
distribution of thermal sensation may be predicted
from environmental stimuli, (ii) adaptive increments
(changes in perceived neutral temperature) may be
predicted from known adaptive actions, and (iii) the
impact of adaptive actions on perceived neutral
temperature and on thermal sensation probability
distribution. But this work is as yet in its infancy.
Further research, and data in particular, are required to
develop a more rigorous statistical model which also
considers the inter-relationships between adaptive
actions and their effects on perceived comfort. The
reinterpretation of field survey data to predict adaptive
behavioural actions based on predicted thermal
sensation from a dynamic human thermoregulatory
model may also prove to be a fruitful area for further
work, since this would provide for direct applicability
in an environmental solver. In the meantime, we may
use the foundations of Haldi and Robinson (2010b) to
predict occupants’ thermal sensation and thus
discomfort given their predicted behaviour.
A further extremely fruitful avenue for future work
would be to develop microeconomic models
predicting the probability of investing in relatively
sustainable technologies given a household’s or firm’s
socioeconomic characteristics and a set of financial
stimuli.

Capasso, A., Grattieri, W., Lemedica, R., Prudenzi, A.,
A bottom-up approach to residential load modelling, IEEE
Trans. on Power and Systems, 9(2) p.957-964, 1994.

CONCLUSIONS
In this paper we have proposed a structure for a new
multi-agent simulation system in which occupants’
presence, activity, behaviour, comfort and investments
are each simulated in a coherent way. This we suggest
would form a robust basis for future simulations at the
range of scales, from the building to the urban and
beyond, with which we wish to examine occupants’
impacts on sustainability and test strategies for
ameliorating these impacts.
The bulk of this paper has been given over to a review
of progress that has been made towards the
achievement of such a comprehensive MAS system.
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Figure 1 Multi-agent simulation system architecture
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