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Abstract

Work team coordination is becoming a major chal-
lenge in the contemporary complex working environ-
ments.  Coordination process takes place through
direct interaction and explicit communication, but
it takes also advantage of informal social network
within team members. Consequently, in order to de-
velop realistic model of team coordination, we need
to measure and model such interactions in real world
environments. We present an agent-based model for
simulating people movement in a workspace, which
may be used as tool for developing and testing social
relationship models. We demonstrate the model by
simulating office life in one of our laboratories and
comparing the results to actual measurements ob-
tained with a sensor network.

1 Introduction

Large corporations are often organized in functional
teams. The objective of team work is to achieve a
common goal by integrating and coordinating indi-
vidual capabilities. In this framework, social interac-
tions play a major role, and—although many commu-
nication media are nowadays available—-face-to-face
interactions are still highly important [1, 5]. Accord-
ingly, theoretical models of how people interact in a
certain environment can be useful to shed some light
on the mechanisms underlying the collective behavior
of teams and business units. However, finding realis-
tic mathematical descriptions of social interactions is
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extremely hard even in well structured environments,
such as an office. The main issue is the complexity of
social human behavior due to its high variability, its
dependency on external constraints such as temporal,
spatial context (e.g., environment layout) and task
context (e.g., personal list of activities and goals).
A successful model should therefore incorporate all
these aspects, and, to be realistic, parameters have
to be set using experimental data.

On the positive side, recent sensor technologies
provide us an unprecedented recording of informa-
tion from the physical world. In previous studies, we
investigated the social patterns during some typical
office activities [2], using data from a sensor network
located in one of our laboratories [15, 14]. Collect-
ing long-term and reliable data using this pervasive
environment is a long process and may raise privacy
issues. Consequently, working with a real life environ-
ment does not allow us to efficiently test the impact
of changes in the environment (e.g., impact of some
space rearrangements on group dynamics).

The aim of the paper is to introduce an agent-based
model for simulating a workspace with movements of
people and face-to-face contact between individuals.
This model can be used as tool for investigating the
dynamics of social interactions, for which the results
can be fed by and/or validated against actual mea-
surements obtained with a sensor network. In par-
ticular, this allows assessment of these measures un-
der different conditions, such as assessing the impact
of a physical change in the environment, the effects
of team building exercises, the arrival of a new em-
ployee, or changes in layout of the teams.

The important reason for being able to simulate so-
cial encounters is that it allows us to study the effect
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of (changes in) the environment on the social behav-
ior of people. There are many questions for which,
to the best of our knowledge, little or few quantita-
tive studies exist. For example, how well and quickly
does a new employee get integrated into the working
society under a variety of scenarios? These scenarios
could include: having people working in open space
offices instead of in cubicles, having team meeting in
various locations, the location of a coffee machine,
the effect of being at the far end of building. Do
people get more social connections when teams are
mixed so that it forces people to walk around more?
We see our simulator as a step towards quantitatively
answering these kinds of questions, in the lack of real-
world measurements.

The sketch of the paper is the following: in Sec-
tion 2 we briefly summarize the main features to
model and the actual sensor network. In Section 3
we describe the probabilistic model underlying our
model. Social behavior, derived through numerical
simulations, are presented in Section 4. Finally, con-
clusions are drawn in the last section.

2 Modeling Office Activities

We chose an office environment as a test setting for
two reasons. First of all, quantitative evaluations of
various office activities have important practical ap-
plications (e.g., assessing the quality of space organi-
zation in the office, estimating connections amongst
different people/departments, safety and security).
Secondly, a video-camera infrastructure which col-
lects data on peoples movements and presence was
readily available in one of our offices and the data
thus collected is accessible to us [15, 14]. This last
experimental environment is composed of an office
floor at Accenture Technology Labs in Chicago. The
floor is equipped with a network consisting of 30 video
cameras, 90 infrared tag readers, and a biometric sta-
tion for fingerprint reading.

The first step was the fusion of this raw-sensor data
into a higher-level description of peoples movements
inside the office. ldentification and tracking of the
people was performed using a Bayesian network. In
short (see [14] for details), the office space was di-
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vided into 50 locations, each of them the size of ap-
proximately a room. This allowed us to remove the
variability of paths inside a room while still main-
taining enough information about the movements of
people. Each sensor detects signals of people in its
sensory field. For each person and location the signals
were merged together to build the current probabilis-
tic evidence of finding a certain person in a specific
location, after which this information was integrated
with the current belief of the system (derived from
previous observations). The result was a sequence of
matrices, one for each time step, where the probabil-
ity of finding a person in each location is reported.

In the second step, starting from these matrices,
we derived the most likely paths for each tracked in-
dividual; these data were then analyzed to find fre-
guent patterns and appropriate statistical quantities
to describe long term activities. Extracted recurrent
patterns were identified later exploiting local seman-
tics (e.g., meetings usually take place in the meet-
ing room) as well as context-based knowledge (e.g.,
matching movement patterns with the information
available from electronic calendars). The data acqui-
sition system is currently still under development, so
we had too little data available to find meaningful
long-term recurrent patterns. Nonetheless, to give a
glimpse of the kind of statistical analysis we are inter-
ested in, we analyzed a limited data set showing, for
example, that functional teams, such as research and
development groups, tend to be strongly intercon-
nected inside the group, but loosely connected across
different groups. Results of this analysis are reported
in Ref. [2].

3  Numerical Simulations

In this section we present a model for simulating
movements of people in an office setting analogous
to the workspace described above. In fact, data col-
lection in a real environment is a long process and
it may generate privacy concern. Therefore, to freely
test our algorithms and hypothesis, we built an agent-
based simulator of movements of people an office. As
in the real-life setting, the office map was divided into
50 locations, each of them the size of a room (see
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Figure 1: Snapshot of the simulation (at time 11
a.m.). Numbers indicate locations. Note that a meet-
ing is taking place in the North-East corner room.

Fig. 1). In total there were 30 people (agents). In
its simplest version, each agent had a set of possible
destinations in the office floor, with different proba-
bilities derived from the collected data and from our
knowledge of their office life. At each time step, each
agent decides to stay in the current location with
a certain probability (usually large if it is in his or
her own office) or to move to a destination sampled
from a distribution of destinations. In this last case,
the agent starts moving according to a specific path,
usually the shortest one, with possible random fluc-
tuations. An agent also has a personal schedule in
which specific tasks are listed (e.g., meetings, lunch,
coffee) with a corresponding time and probability of
performing that action. This schedule was derived
from samples of employees electronic calendars and
then integrated with context knowledge, such as typi-
cal arrival, lunch, and departure times. Furthermore,
in case two or more agents cross paths in the same
location, the probability of staying was increased by
a quantity, Ap, specific for each agent. This proba-
bility mimics the fact that random encounters may
result in short conversations. Its numerical value was
derived from real data whenever available and using
context knowledge in the other cases. Fig. 1 shows
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a snapshot of the simulation (at time 11 a.m.). The
output of the agent-based system consisted of a tem-
poral sequence of matrices, which report the location
of each agent for each time step, with the same for-
mat as for the sensor network. This allowed us to
use the same analysis tools for both the agent-based
model and for the real-life data collected. Despite its
simplicity, this model showed a visual agreement with
the trajectories observed in the real environment. We
used this model to study the evolution of social in-
teractions.

4 Social Network Analysis

Social network analysis provides a powerful tool for
assessing patterns of relationships in informal net-
works [5, 3]. The nodes in the network represent the
people and the links represent the interactions be-
tween the nodes. Social network theory has a long
history [11], but has only recently been able to take
full advantage of the large use of digital communi-
cations; the properties of such networks have been
extensively studied using data from emails [6, 9] and
instant-messaging [16]. In the first study an individ-
ual’s emailing history is analyzed and his connections
are automatically generated and displayed as a graph.
Typical analysis include: the number of connections
and frequency of contacts, the diameter and clique-
ness (i.e., degree of local clusters) of the network,
the time evolution of the network, and identifying
the most-connected nodes. The distribution of con-
nections in social networks has often been shown to
follow a power law, i.e., the number of nodes with
connectivity k falls as:

n(k) o< k°

where a is a negative constant, usually somewhere
between 1 and 4. This leads to a scale free network in
which there are many nodes with few connections as
well as the existence of highly connected hubs, which
foster network cohesion and connections between dis-
tant nodes, even in very large networks. Emails or
instant-messaging logfiles provide a large source of
data about social relationships, and they give inter-
esting results and potential applications [17, 7], but
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Figure 2: The degree of connectivity k of a node plot-
ted against the frequency of nodes with degree k on a
log-log scale. Each point represents data points from
one numerical simulations over a 7 period.

they do not consider physical interactions and face-
to-face communications that are at the basis of hu-
man behaviors. In this study, we focused on this last
feature, we estimate social relationships from pat-
terns of collocation in the workplace. This approach
will be integrated with data collected from electronic
communications in future studies, to better specify
the structure of the network and to investigate the
(possible) different topologies of electronic and phys-
ical social networks.

We inferred the structure of the social network in
the office by simulating the movement of a group of
people for long periods and considering a simple prox-
imity rule: two individuals share a link if they spend
enough time in the vicinity of one another. In addi-
tion, we added to the system some context specific
rules, e.g., we excluded the entrance hall. This sim-
ple rule can lead to a number of false positives, e.g.,
two individuals may share the same location with-
out interacting. However, we expect that in the long
run and with a large number of users it provides a
gross estimation of global structure of the network of
interactions and of its evolution in time.

Fig. 3 illustrates the social network amongst two
departments (Research and Development) after one
day of simulation; it shows, for example, that peo-
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Figure 3: Social network as extracted from movement
data from one day of simulation. Black and white cir-
cles indicate researchers and developers, respectively.

ple from different teams are loosely connected. Re-
sults vary across different runs but the a two-clusters
structure was already present. Similar results were
obtained by analyzing the tracking data from the
real-life sensor network (see Fig. 2 in Ref. [2]).

We simulated one week of activity and measured
the properties of the resulting social network. Fig. 2
shows the degree of connectivity k versus the fre-
quency of nodes with degree k for one simulation.
In general, the observed distributions do no follow a
power law (straight line in the log-log plots). This is
probably due to the limited sampling size: there are
few agents and a short duration of the simulation.
In fact, due to the small size of the environment,
this frequency distribution converges to a delta af-
ter 6 — 8 weeks of simulations, at this time every
agent is directly connected to everybody else. Fur-
ther investigations and more experimental data are
clearly required to fully characterize the topology of
this network, and to assess whether the structure of
the social network in a real world physical space dif-
fers from those measured with email or chat log files,
where spatial extension and physical constraints are
not taken in account.

Extending the period of simulation to 4 weeks, we
observed the network becomes fully connected after
9 working days (on average), even if the clusters cor-
responding to the different teams are still present at
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the end of the simulation. This suggests that in small
environments people get connected in rather short
amounts of time. To check this hypothesis, we simu-
lated the arrival of a new employee in the office and
measured over the time the number of hops needed
to connect him to all the other people in the office
(shortest average path length). Fig. 4 shows the aver-
age number of hops (links) needed for this new joiner
to connect to any other employees in the office (tri-
angles indicate the average over 50 simulations and
bars correspond to the standard deviation). After
one month the new employee had directly interacted
with all the people in the office, i.e., Fig. 4 black
triangles = 1 at day 30. Excluding formal meetings
from this dataset, we can estimate the contribution of
random encounters (square dots in Fig. 4). Random
encounters contribute largely to the increase the con-
nectivity stressing the relevance of informal contacts
to establish a personal social network. Indeed consid-
ering random encounters only, the network becomes
connected after 13 days (on average) and after 30 the
new joiner is, almost (1.3 hops on average, Fig. 4),
connected to all the others.

Our current experimental setup does not permit
long recordings so we were not able to compare the
simulation results to experimental data.

5 Conclusions

Social interactions are highly important in collective
activity, such as goal-oriented work teams. In par-
ticular, despite the fact that many communication
media are accessible, face-to-face interactions still
constitute one of the preferred media for informa-
tion transmission [1] and contribute to increase the
cohesion within groups. Furthermore, it has been
shown [10, 12] that the actual physical context, such
as the design of the environment and physical loca-
tions of agents, can considerably impact the human
agent coordination.

Accordingly, suitable measures of social interac-
tions in real environments are needed to develop ab-
stract model of team functioning. We previously de-
veloped a prototype pervasive environment allowing
the measuring of face-to-face interactions inside one
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of our laboratory during normal office hours. In this
paper we presented an agent-based model for mod-
eling peoples movements and social interactions in
the same setting. This simulator uses a set of simple
rules which reproduces a persons trajectories inside
the office, and provides a cheap and flexible tool to
develop and test pervasive environment and human
interaction models. In particular, we investigated the
social interactions taking place during normal work
days.

The paper does not present a complete model for
modeling the dynamics of interactions as we did not
consider, for example, digital communication media,
and—more importantly—we disregarded the content
of the interactions. Still, the results of this prelimi-
nary study show that it is technically possible to an-
alyze the spatial influence of the environment on the
behavior of the people and relevant numbers concern-
ing face-to-face interactions in real-environment can
easily be generated. This allows for important input
for collective human behavior modeling, as well as
practical implications to evaluate the implementation
of certain measures such as office design, team build-
ing efforts, efficient information transmission, and the
correct integration of new joiners. The next step will
be to validate these against real-life data from our ex-
perimental setup, and to possibly extend it to larger
(and richer) environments. To this scope, privacy is
clearly a major concern. Possible solutions include
users controlling the personal data released, limiting
the data a single party can access, data anonymiza-
tion, and following accepted ethical guidelines. In
applications where real-time is not a requirement (as
in our case for identifying social networks), the users
could have full control over the data released, e.g., re-
ceiving a weekly e-mail with the summary of events;
and deciding which of them to disclose for the analy-
sis. Even more important is finding a reasonable equi-
librium point in the trade-off between privacy and
benefits. In other words, users need to be provided a
clear and tangible return for their privacy investment
for gaining acceptance.

Lastly, even an analysis in some specific cases (re-
search laboratories, conferences, public events [8, 4,
13]) will hopefully increase our—at the moment very
limited—quantitative knowledge on social interac-
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Figure 4: Triangles indicate the average number of
hops to connect one worker with all the workforce
(average shortest path). In the x-axis the number
of days are reported, starting from day 8. Previous
days are not shown because the network is not fully
connected. Vertical bars indicate standard deviations
taken over 50 simulations. Square dots indicate the
same quantity considering random encounters only.
Standard deviations for random encounters are not
shown for clarity.

tions and their effects on collective behaviors.
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