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ABSTRACT
In this paper, the simulation of the environmental condi-
tions in university offices is addressed. Based on the real
data collected from the environment, a flexible simulator
is developed which accepts different office worker pro-
files including expected office occupancy and computer
usage. The simulator generates sensory signals which
represents different activities and occupancy of the office
environment. These signals will then be used to control
heating, lighting and computer stand-by mode of opera-
tion. The validity of the simulator is verified by tuning
the simulator parameters to occupancy data collected by
sensory systems from real offices.

INTRODUCTION
The aim of our research is to model office worker be-
haviour in a university office environment in order to im-
prove energy usage and user satisfaction with their work-
ing conditions. Activities are monitored using low level
sensory devices to detect when they enter/leave the room,
when they sit down at the desk, and when they use the
computer. We also monitor when they switch the light
on/off, when they adjust the heating or leave the room to
get a drink.

The office environment can be a stressful place, and
the stress can be increased when the conditions are not
conducive to work. A room at the wrong temperature, a
computer that has been shut down overnight and takes
time to restart, inadequate lighting - all add stress to
the workplace by reducing the workers’ comfort. More-
over, if the office user attempts to alleviate these by
leaving their computer, lights and heating permanently
on, they are accused of being ecologically irresponsible.
The workplace often includes reactive systems such as
passive infra-red (PIR) activated lighting, but these can
cause further stress, in that a worker quietly typing at
their computer can find that the PIR decides they are
absent, and switches off their office lighting. Heating
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systems often work on the assumption of a 9:00am to
5:00pm presence, five days a week, whereas an individ-
ual office worker may have a different schedule, includ-
ing long periods out of the office.

The availability of modestly priced sensors and low
cost computers lead us to consider that individualised
control of the office environment would improve work-
ers’ sense of control and thus reduce their stress, since
one of the major causes of stress cited by clerical work-
ers is lack of control (Narayanan et al., 1999). In addi-
tion, if the power minimising functions were made more
responsive to the user’s habits and routines, there would
be more acceptance of their use.

This paper is organised as follows: in the next section
we summarise existing work on modelling the charac-
teristics of an office or other building, modelling the be-
haviour of people within such an environment and quan-
tifying and assessing the performance and comfort of
workers. The proposed system of monitoring and con-
trolling the conditions of office workers in the environ-
ment of a higher eduction establishment are explained
after the related works section followed by some details
on the proposed simulator which has been built to gen-
erate equivalent patterns to a human office worker, and
which then allows more repeatable testing and assess-
ment of algorithms. Some conclusions are drawn in the
final section followed by some discussion on the direc-
tion in which the research needs to progress.

RELATED WORK
Automated control of the environment can be as simple
as the home heating thermostat, and as complex as that
which manages the growing conditions in a commercial
glasshouse. Within the office environment, PIR control
of lighting is commonplace and heating is tightly con-
trolled. For the European Union (EU) this has become
an area of concern, as buildings have become the fastest
growing energy consuming sector (Li et al., 2009). Stud-
ies in (Doukas et al., 2009) found that energy efficiency
measures could contribute to the reduction of current en-
ergy consumption by at least 20% within the EU, which
is equivalent to the savings of 60 billion Euros annually.
The related work in this area is presented in the following
sections in three categories, namely; modelling the office
or building, human behaviour modelling and comfort as-
sessments.
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Looking into the future of residential and office build-
ings Mitsubishi Electric Research Labs (MERL) has col-
lected motion sensor data from a network of over 200
sensors for two years in a 2-floor office environment
(MERLSense, 2011). This data is the residual trace from
the people working in a research laboratory. The dataset
has been made publicly available as a benchmark to iden-
tify social and individual behaviour in an office environ-
ment. Similar datasets have been collected in a home
environment as part of CASAS project (CASAA, 2011)
where intelligent agents are utilised to perceive the en-
vironment through the use of sensors, and act upon the
environment through the use of actuators.

Modelling the Office or Building
The authors in (Kazanasmaz et al., 2009) developed an
office building prediction model to determine daylight
luminance using artificial neural network (ANNs). The
daylight’s behaviour pattern depended on movement of
sun, latitude of the building, climate condition, ambi-
ent temperature and sunshine availability (Wong et al.,
2010). Although this work was aimed at designers to
help predict illuminance within their buildings, the pre-
dictions could also be used once the building was in use
to ensure that the artificial lighting was switched on/off
before the occupants realised that they needed it (Ekici
and Aksoy, 2009). Work by (Li et al., 2009) focused on
the hourly cooling load in a building. They found that
ANN and Support Vector Machine (SVM) can predict
the hourly cooling load in a building with high accuracy.
Such prediction is necessary in order to ensure that the
building’s heating system can be used optimally to main-
tain a consistent temperature for the workers.

Human Behaviour Modelling
The modelling of the thermal and illumination charac-
teristics of buildings discussed earlier need to be linked
with the way the building is used by its occupants, so as
to improve the management of the environment for the
occupants. Research by (Tabak and Vries, 2010) exam-
ined the intermittent activities that interrupt the planned
“normal” activities of office workers. They found that
probabilistic and S-curve methods could be used to pre-
dict activities (such as “smoking”, “go to toilet”) and
these could be used in fine grained simulations of build-
ing performance. However, they cautioned that the re-
sults applied to typical Dutch office based organisations,
and other office environments might need further exper-
iments to generate data. Although Tabak and de Vries
claim that predicting a single person’s behaviour is “vir-
tually impossible”, they acknowledge that their method
provides insight into the “average behaviour” including
deviations from the mean. Akhlaghinia et al (Akhlagh-
inia et al., 2008a), (Akhlaghinia et al., 2008b) have
shown that where a person is likely to have a more sys-
tematic pattern (e.g. an elderly person at home), then
prediction of their behaviour is possible based on previ-
ous monitoring. Investigation by (Hong, et al.,2010) used

Figure 1: Proposed System Architecture for Intelligent
Office Environment

wearable sensors for categorising activities within the of-
fice environment. They managed to identify 7 activities,
including attending meetings and working at a computer,
though the sensors were very obtrusive and thus purely
for the purposes of the experiment.

Comfort and Performance Assessment
Investigation into the comfort levels of pupils by (Wong
and Khoo, 2003) (Fischer, 2007) (Gaitani et al., 2010)
showed that the wrong temperature in the classroom led
to poorer learning performance. Similarly, performance
studies of call centre workers in Sacramento (Heschong
Mahone Group, 2003) showed that light levels, venti-
lation status and temperature all had significant effects
on performance, though the effects were intertwined and
complex. Seppanen et al (Seppanen et al., 2006) have
collated studies on temperature and performance, and
provide convincing evidence of the importance of main-
taining the office temperature between 21-25◦C to opti-
mise performance. Another study in (Aries et al., 2007),
for example, used multiple survey items to assess worker
discomfort, sleep quality and hindrance, in order to relate
building aspects to any physical and/or psychological ef-
fects. However, Haynes (Haynes, 2008) points out that
while there is sufficient evidence to support claims that
office comfort affects productivity, there is no agreement
as to how office comfort should be measured.

SYSTEM ARCHITECTURE AND SENSORS
As shown in the studies discussed above, office work-
ers’ performance and comfort can depend on tempera-
ture, ventilation and lighting. Their power use depends
on the way they have adjusted their environment to opti-
mise these characteristics, together with their use of Per-



Figure 2: Individual State Models for Sensors

sonal Computers (PCs). We must therefore consider the
way in which one could monitor these characteristics (of
both the worker and their environment) in order to log the
data. The data capture and logging must be as unobtru-
sive as possible in order to avoid affecting the behaviour
of the worker, and should not increase their stress.

We may classify the needs of our experimental system
for an office as the ability to detect occupancy, record
the ambient conditions (and any worker responses to
them), and to identify activities. Occupancy detection
may be considered to be covered by PIR motion sensors
and door sensors. PIR motion sensors are low cost and
readily available, though their typical activity thresholds
mean that a worker quietly reading or writing a docu-
ment would not cause them to signal. Door sensors are
relatively unambiguous - a door generates a boolean open
or shut signal. However, a visitor to an office would also
trigger the open-shut sequence, so the office occupancy
could not necessarily be deduced simply from the door.
Thus occupancy needs to be deduced from a combina-
tion of these signals together with additional information
provided by other sensors.

The ambient conditions can be recorded via tempera-
ture sensors (inside the office and external to the build-
ing) and light sensors. The response of the office worker
can be captured via switches on the windows (as for
doors) to detect when they have been opened or shut, and
electricity usage monitors on desk lights and fan heaters.
Identification of activities is a difficult task. It is possible
to identify when a person is actually typing at a PC, or
moving a mouse, by adding some background software.
If a worker was at a desk reading a paper report, the PC
activity might halt for a considerable time, and the PIR
might not trigger. An additional boolean signal generated
by a pressure sensor in the worker’s seat could indicate
when they are at their desk. These ‘activity identifica-

Figure 3: Finite State Machine for the Office Simulator

Figure 4: Transition from state to state with condition
action.

tion’ sensors could also be used to support the occupancy
deduction discussed earlier (Chen et al., 2010).

This leads to the system architecture proposed in Fig.
1. The full monitoring and control system would use the
information provided by the sensor, together with rules
and algorithms deduced from the data mining (Witten
and Frank, 2005) to modify the environment such that
the office worker found it optimal, while still achieving
better energy consumption.

The office environment that we are using as the testbed
for our experiment is the individual academic staff offices
in the university campus.

OFFICE ENVIRONMENT SIMULATOR
Although we have set up a real room for monitoring of-
fice workers as part of this study, an important aspect
of the research is the development of a simulator. This
allows us to generate large data sets far faster than real
time, and to set up specific patterns of behaviour. It



Figure 5: Block Diagram of the Office Environment Sim-
ulator

provides a test bed for the various algorithms which we
need to assess and compare, and can be made increas-
ingly more sophisticated. Moreover, unlike volunteer
real office workers, who may not show the full range of
behaviours, the simulator can be adjusted to cover the
gamut from a reliable 9:00 to 5:00 worker who hardly
moves from their desk, to the totally chaotic one, who
hardly sits down for more than 30 minutes. Algorithms
can be then assessed as to how well they work under this
severe range of tests.

The simulator starts from the assumption of an office
occupied by a single worker, who carries out a range of
activities during the standard working day. It also starts
by assuming that information is being generated by (vir-
tual) sensors reporting on aspects of the behaviour. This
is an important aspect of the realism, in that it allows
the simulator to generate data that needs the same sort
of interpretation as the real office. If the simulator sim-
ply produced records “Reading”, “Typing at PC”, “Out of
Office” for example, it would have little value in helping
to produce algorithms pertinent to the real environment,
where activation, say, of the chair sensor could be used as
an indicator of “Reading” only if it did not overlap with
the data indicating that the mouse was being moved.

For this reason, each of the macro-states in the simu-
lator has to be characterised by its name, allowed transi-
tions, duration, and whether it overlap with others. The
micro-states of the individual sensors are much simpler,
and are as shown in Fig. 2. Combining the individual
sensor models to take into account the possible overlap-
ping of events and parallel activations of some of the sen-
sors leads to the Finite State Machine of the office shown
in Fig. 3.

In order to drive the behaviour of the simulator, it is
necessary to create a model of human activities, with a
simple set of actions characterised by a few parameters.
This is to allow us to model a range of different work-
ers’ routines with differing degrees of chaos. The human
model generates a sequence of ‘actions’ lasting for dif-

Figure 6: Processing flow within the Office Environment
Simulator

fering amounts of times. In order to create the behaviour
of a person doing an activity that is as natural as pos-
sible, the values of the parameters are generated using
random numbers based on a normal distribution. The
actions, their start times, durations and transitions from
one to another then feed into the office model, so that the
individual sensor state machines are enacted - some in
parallel and some in sequence, depending on the action
being considered.

The office environment simulator can thus be consid-
ered to be made of four parts: user parameterisation,
office simulation,sensor simulation and output. The se-
quential structure allow the system run in AND and OR
mode (see Fig. 2). To handle the complex number of
states, the hierarchic structure is proposed as shown in
Fig 4. All states of the sensors use logic 1 and 0 to repre-
sent the active and inactive states. Fig. 5 shows the block
diagram of the office environment simulator. The output
block of this simulator receives a trigger signal from the
sensor simulation block, and all activity sensors depend-
ing on user activity are processed into the office simula-
tion block. The office simulation block is controlled by
the user parameterisation block. Fig. 6 shows the pro-
cessing chain within the office environment simulator.



Figure 7: Simulated Data for 3 different user characteri-
sations

Figure 8: Real Data logged from two different users

To illustrate the complexity and difference in differ-
ent user profiles, Fig. 7 shows a range of user profiles,
where the occupancy of the office and behaviours within
it are clearly differentiated. These were generated by us-
ing very few parameters to characterise the users.

The simulated data may be compared with the data
logged from two offices monitored using a sensor sys-
tem as described earlier. Fig. 8 shows initial data from
these offices, and shows that the variation of the simu-
lated office worker behaviour bears comparison with the
real data recorded in terms of variety and pattern.

FUTURE WORK AND CONCLUSIONS
Initial use of the simulator has shown promise. Individ-
ual worker profiles can be characterised by a few param-
eters and appear to give us a wide range of behaviours,
typical of the variation between academic staff. This al-
lows us to generate a substantial amount of data much
faster than real time.

Our experimental office has been set up as shown ear-
lier. It now remains to run much longer logging se-
quences on this office with a few academic staff volun-
teers, and then compare the results with the simulator to
ensure that the simulator results are relevant. This will
lead to a more substantial period of data mining, both
simulated and real data, in order to establish actions that
are characteristic of reduced comfort. Prediction of these
actions will then allow us to control the environment and,
hopefully, reduce them to a minimum by pre-empting the



need of the office worker. This would then give us a route
to our goal - automated comfort management combined
with optimal resource use.
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