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Abstract. In this work, we study social interactions in a work environ-
ment and investigate how the presence of other people changes personal
behavior patterns. We design the visual processing algorithms to track
multiple people in the environment and detect dyadic interactions using
a discriminative classifier. The locations of the users are associated with
semantic tasks based on the functions of the areas. Our learning method
then deduces patterns from the trajectories of people and their interac-
tions. We propose an algorithm to compare the patterns of a user in the
presence and absence of social interactions. We evaluate our method on
a video dataset collected in a real office. By detecting interactions, we
gain insights in not only how often people interact, but also in how these
interactions affect the usual routines of the users.
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1 Introduction

Advances in technology have seen tremendous progress in the past years, and
have enabled computers to understand human behavior more thoroughly. From
simple tracking, motion detection, gesture recognition to complex activity clas-
sification and frequent behavior understanding, system design is shifting to a
human-centered paradigm where the awareness of users plays the central role in
the development of the applications.

In this work, we attempt to understand human behavior pattern, and how
the pattern changes under the influence of social interactions. In particular, the
human behavior pattern we study here refers to the order, temporal duration,
and conditions a person performs tasks. Understanding the behavior pattern
benefits individual wellbeing and personal productivity; change toward more
healthy or more efficiency habits can be made only if unhealthy or inefficient
behavior patterns are detected in the first place. Computers can prompt the
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users to change their behaviors based on observations and learned models, and
compare how the observations deviate from previous patterns, or a desirable goal.
Concrete examples include suggesting the user to take a break after working long
hours continuously.

Human behavior is social and adaptive. The behavior pattern changes in
the presence of other people. Understanding the behavior patterns and the in-
fluence of social interactions on them, while challenging, enables the computer
to interpret human behaviors and opens up a new horizon for human behavior
reasoning. Awareness of social interactions and their implications can assist a
system aiming to induce behavioral change. For instance, if the system sees the
user engaged in a task and, according to previous observations, the user is about
to take a break, the system can then suggest other people not to disturb him
until the break, especially if interruptions by other people tend to lead to work
inefficiency. Similarly, change in behavior can be further motivated if it also en-
courages social interactions. Following our previous example, a user might be
more willing to take a break from his work if the system notifies him that a
group discussion is taking place.

To achieve the goal, we propose to use visual sensors, i.e. video cameras, to
monitor the users. A set of visual processing algorithms is developed to extract
information from the videos in real time. The locations of the users are tracked.
Head poses are estimated from the video frames, and a discriminative classifier
determines whether or not a pair or people is interacting. The dyadic social
interaction considered in our work refers to direct interactions such greetings,
eye contact, and conversations. The classifier learns from a labeled dataset, and
uses relative location and head orientation as features.

The location of the user can be mapped to a semantic task based on the
function of the area. For example, desk can be associated with working and
dining table can be associated with eating. We use a data mining approach to
learn the pattern of these location-oriented tasks. We learn patterns of a user
from two sets of data collected in the same environment. One contains the user
working alone, and the other one includes the user and other people interacting.
We compare the two sets of patterns by considering the number of modifications
required to change one to the other.

The contributions of this paper are as follows. First, we address the problem
of understanding the influence of social interactions on a person’s behavior pat-
tern. Second, we present the algorithms to learn frequent behaviors, construct
pattern models, and measure the differences between two patterns. In particular,
a new method that defines and computes the distance between two sequences
is presented. Finally, we have built the full system that monitors the users’ be-
havior patterns using visual sensors. We evaluate our system on a challenging
dataset recorded in a real office environment. Our system runs in real-time on a
laptop. This implies that users can use their personal computers with a webcam
to process the videos without actually saving or transmitting them. Personal
recommendations can still be provided without jeopardizing privacy.
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2 Related Work

The problem of constructing behavior patterns from frequent behaviors has been
widely studied [5, 6]. The focus of our work is on comparing patterns of the same
user in the presence of other users and social interactions, and measuring the
deviations of the patterns from learned models.

Unlike the behavior pattern construction, comparing behavioral patterns has
not attracted so much attention yet. Anyway, human behaviors have been an-
alyzed in many other domains such as web navigation and activity workflow.
Shifts in human behaviors have been examined in these domains [10, 2]. How-
ever, it is necessary to obtain a specific solution taking into account the special
features of work environments.

Understanding social interactions has also attracted extensive research. By
analyzing people’s walking patterns, interactions can be detected [8]; social
groups and their respective leaders can also be identified [12]. The scenario we
consider is more similar to that studied in [7], where social interactions in more
static work environments are detected based on the relative location and head
orientation. In this paper, we acquire statistics from observed interactions to
gain insights into the structure of the group, and investigate the impact of social
interactions or interruptions on the productivities of workers.

3 Overview

Our proposed system consists of three main components. The Sensor layer tracks
the location of multiple users and detects interactions among them. The second
layer of the system, the Behavior layer, constructs behavior models for the users.
Finally, the Service layer prompts suggestions and recommendations to the users
based on the current observation and learned behavior patterns. The system
overview is illustrated in Figure 1.

Fig. 1: System overview.
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4 Human Tracking and Interaction Detection

In order to construct behavior models for individual users in the environment,
the system needs to know the identities of the users, track their locations, and
monitor their behavior. We propose to use visual sensors, i.e. video cameras, to
achieve the tasks.

4.1 Identification

To identify the users, a radio-frequency identification (RFID) system is incor-
porated. Each user is given a unique RFID tag. Upon entering the office, the
tag is read by the RFID reader at the entrance, and the identity is associated
to the person tracked by the cameras. An appearance model is initialized to
track the target person throughout the day. While state-of-the-art face recogni-
tion has reaches high accuracy, the RFID system supplies reliable information
and relieves the burden of the visual processing algorithms. Moreover, the RFID
system provides the ground truth labels for a growing data set of human ap-
pearance that other recognition methods can be trained on and incorporated in
the future.

4.2 Tracking

The system tracks the locations of multiple people in the environment. We use a
tracking-by-detection approach [11], where an edge-based head detector is used.
The head detector matches an Ω-shape head and shoulder silhouette against the
edge map of the incoming frame. When the track is initialized with a detection,
a head appearance model is also constructed. The head appearance model con-
tains the grayscle image patch within the head detection bounding box. A new
detection is the next frame is associated with the current track if the detected
head appearance is close to the current model, where the distance metric is nor-
malized correlation. The head appearance model is updated if the new detection
is strong enough, i.e. the detection score is above a predefined threshold. When
there is no new detection, the tracking falls back to low-level tracking, where the
head appearance model finds a match that maximizes normalized correlation
within a local region.

When the RFID system is triggered, an upper body appearance model is
also initialized at the same time. The upper body appearance model captures
the clothing of the person by building a color histogram around the upper body
region, which is a rectangular box right below the head position in the video
frame. The body appearance model is particularly useful when multiple people
are in close proximity, and associating tracks to different people needs to be
resolved. This additional cue, together with location and head appearance in-
formation, guarantees the tracks follow the same targets and not be confused.
Examples of tracking results can be found in Figure 2.
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4.3 Interaction Detection

A discriminative interaction classifier considers all pairs of people in the office,
and estimates whether they are interacting or not. Formally, a support vec-
tor machine (SVM) classifier is trained. The features include the relative head
orientation and distance between the pair of people. This is motivated by the
observation that interacting people usually face each other, and tend to stay
close together. A training set with ground truth label is provided for learning
the classifier.

The head pose is estimated from the image patch returned by the head
tracker. A manifold embedding method [7] is used to learn the mapping from
the image patch to the head orientation space. Here we only consider the side-to-
side orientation of the head, or the yaw angle. The video cameras are calibrated,
so location in the video frame can be projected back to real-world coordinate.
In the case of a single camera, we assume the height of the target is known to
recover the location within the environment.

The interaction detector operates on single frames; for each input frame,
the locations of the people are tracked by the tracker, and head orientations
are estimated. The interaction detector then consider every pair of people and
returns a decision for each pair. To mitigate erroneous detections, averaging
is applied to the results. A running temporal window of size w is used, and
an interaction detection is valid only if more than a fraction δ of frames are
classified as interacting. In practice, we choose w = 10 and δ = 0.4. Figure 2
shows examples of detected interactions.

(a) Multiple people tracking (b) Interactions

Fig. 2: (a) Example result of multiple people tracking. From the tracked head
location and image patch, the real world location and head pose are estimated.
(b) The red half-filled circles mark the locations of the tracked people, where
the solid side points to the direction the person is facing. A blue line links two
circles if the dyadic interaction classifier considers the two people interacting.
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5 Learning Behavior Patterns

In order to understand how social interactions influence on individuals’ behav-
iors, it is necessary to identify their behavior patterns in both cases, with and
without social interactions. Behavior patterns represent users’ frequent behav-
iors or habits in a comprehensible way. These patterns are identified using the
data collected by the sensor module, so that it is totally transparent for the user.

The Learning module uses the LFPUBS [4] algorithm in order to identify
behavior patterns. This algorithm is made up of four steps (see Figure 3).

Fig. 3: Steps to be performed in order to discover frequent behaviors.

1. Identifying Frequent Sets of Actions: The objective of this step is to discover
the sets of actions that a user frequently performs together (Frequent Sets).
The underlying idea of the first step is both simple and efficient. Defining a
demanded minimum level (minimum confidence level), it discovers all those
sets of actions that occur more times than the minimum level. For that, the
Apriori algorithm [3] is used.

2. Identifying Topology : The step ‘Identifying Frequent Sets’ discovers which
sets of actions frequently occur together. In order to properly model the
user’s behaviors defined by such sets of actions, it is necessary to define the
order of such actions. For that, techniques of Workflow mining [1] have been
used.

3. Identifying Time Relations: Topologies define a first temporal representation
of the actions (qualitative representation). Qualitative relations allow one to
understand the logical order of the actions. Even so, more accurate informa-
tion could be provided if the relations were defined, if possible, by means of
a quantitative relations. The relations to study are already defined by the
previous step. Thus, we applied clustering techniques in order to group data
and identify quantitative time relations. This step is essential because, for
example, it identifies how long a user works continuously.

4. Identifying Conditions: Finally, LFPUBS discovers the contextual informa-
tion under what each frequent behavior occurs. By contextual information
we understand either calendar information (e.g. time of day, day of week,
etc.) or context information (e.g. temperature, humidity, etc.). In order to
identify such conditions, classification techniques are used.
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In this work, the Learning module was applied to two different datasets. On
the one hand, the dataset that showed how user behaved without any social
interaction (PNoInteraction). On the other hand, the dataset that showed how
user behaved when interaction with some other people (PInteraction). Thus, two
different behavior patterns were identified, one representing user’s frequent be-
haviours without any social interaction whereas the other one represents user’s
frequent behaviours with social interactions.

6 Comparing Behaviors

Once behavior patterns have been discovered, different analyses can be done.
In this work, we attempt to understand how user’s behavior changes under the
influence of social interactions. For that, we identify the differences among the
patterns discovered by the Learning module. By differences we understand:

– Insertion of an action. An action that was not frequent in PNoInteraction

appears as frequent in PInteraction.
– Deletion of an action. An action that was frequent in PNoInteraction does not

appear as frequent in PInteraction.
– Substitution of an action. An action that was frequent in PNoInteraction is

replaced by a different action as frequent in PInteraction.
– Swapping of two actions. The order of two action in PNoInteraction is reversed

in PInteraction.

The process to identify modifications is an adaptation of the Levenshtein
distance [9]. Given two sequences of actions, PNoInteraction and PInteraction, it
calculates the set of modifications in PNoInteraction to get PInteraction.

The algorithm for identifying modifications is based on the constructing of
distance matrix. The distance matrix, D = [dm,n]|PNoInteraction|×|PInteraction|, is
constructed as follows:

Algorithm constructDistanceMatrix (PNoInteraction, PInteraction)

Input: PNoInteraction and PInteraction Output: distance matrix (D)
for m = 0 to m = |PNoInteraction|

for n = 0 to n = |PInteraction|
if PNoInteraction(m) == PInteraction(n) then

dm,n = dm−1,n−1 // no modification needed
else

dm,n = minimum(
dm−1,n + 1 // insertion
dm,n−1 + 1 // deletion
dm−1,n−1 + 1 // substitution
if((PNoInteraction(m− 1) == PInteraction(n− 2))&
(PNoInteraction(m− 2) == PInteraction(n− 1)) then

dm−2,n−2 + 1 // swap
)

return D, d|PNoInteraction|,|PInteraction|
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The number of modifications is given by the value of d|PNoInteraction|,|PInteraction|.
In addition, the construction of the distance matrix allows to identify the set of
modifications. For each value, the distance matrix records what modification(s)
has/have been considered (insertion, deletion, substitution, swap), so that they
can be easily retrieved.

7 Experimental Results

The experiments to validate different modules are carried out in a real office
environment, i.e. our own research lab. The layout, as well as the semantic task
areas, is shown in Figure 4. Data were collected using an Axis network cam-
era, capturing VGA (640 x 480 pixels) videos at 30 fps. The visual processing
algorithms process the videos at 6 fps on a laptop with a 1.66 GHz Core Duo
processor.

The first part of the dataset contains a user’s behavior when he is by himself.
During 19 days, the system recorded the morning behavior of the employee
(User A), who behaved in his usual manner and performed his daily routine
without interactions with other people. The second part of the data includes
multiple users and various social interactions. The system recorded the behavior
of the same employee during 8 days, but this time he shared the office with 4
other officemates (User B, User C, User D and User E) and occasionally visitors.
The average length of the videos per day is about 35 minutes for both parts of
the dataset.

First, the Sensor layer tracks User A’s locations and his interactions with
other people. The output of this layer is essential for the discovery of user’s
behavior patterns, but, at the same time it allows the analysis of how he in-
teracts with his officemates. Frequency and duration of the interactions can be
summarized. Table 1 shows how User A interacts with his officemates. User A
has more short interactions with User B and E. This is not surprising since they
collaborate on the same projects and need to touch base very often. User C is
actually User A’s supervisor, and their less frequent but longer interactions are
meetings. Greetings with Visitors are also recorded by our system.

Table 1: User A’s interactions with his officemates.
How many times Average Durations

User B 12 48 sec.
User C 2 261 sec.
User D 5 154 sec.
User E 13 65 sec.
Visitors 3 14 sec.

Once the user’s actions were identified, we run LFPUBS to discover his pat-
terns with and without interactions. For each case the system discovered one
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(a) Office layout. (b) Tracking results.

Fig. 4: (a) Office layout Users are associated with tasks based on the areas
they are in. The office is divided into semantic areas: Working, Meeting, Printing,
Door and Special. (b) Tracking results The composite of tracking results from
several days of the same user in each of the different areas.

pattern. The learned patterns are shown in Figure 5. In the absence of inter-
actions, User A starts his day by going to the working area. He then visits the
meeting area momentarily. Sometimes he goes to the printer to fetch the papers
he prints. He then resumes working for an average length of 25 minutes. On
the other hand, when there are other people in the lab, the discovered pattern
is quite different. He would work for about 20 minutes, usually interrupted by
short interactions in between. He would then leave his working area. Sometimes
he would interact with other people more, then return to his working area for
another 14 minutes.

Given the two discovered patterns using LFPUBS, the next step is to compare
these two patterns. Modifications are identified by constructing the distance
matrix from the two patterns. The generated distance matrix is shown in Figure
6. The distance matrix not only records the distance between the sequences, but
also keeps track of the types of modifications used. Theses modification records
show the actions involved in the transformation from one sequence to another
in the pattern and topology. In our experiment, the differences are identified to
be:

– User A used to print papers when he was by himself, whereas this action
was less likely when he was with his officemates.

– In the presence of other people, User A interacted with his officemates. The
new action substituted his pattern of going to the meeting area while he was
alone.

The distance matrix shows the difference between two sequences in terms
of modifications. Apart from the modifications, many analyses, quantitative or
qualitative, can be performed given the two learned behavior patterns. One of
the most interesting analyses is how User A’s behavior of taking break changes
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(a) Behavior pattern without interactions (PNoInteraction).

(b) Behavior pattern with interactions (PInteraction).

Fig. 5: The learned behavior patterns of the same user without and with social
interactions. When working alone, the user tends to work continuously without
taking a break (25 minutes). In the presence of other people, the user changes
his behavior , e.g. no printing anymore, but also leaves his work area more often.

Fig. 6: Distance matrix generated to identify modifications. The first column
shows the behavior pattern with interactions (PInteraction), and the top row
shows that without interactions (PNoInteraction). The matrix shows the number
of modifications for the subsequences of the patterns, and the last entry in the
matrix is the total number of modifications for the entire sequence. The types of
modifications are also recorded, so the difference between the two can be readily
seen.
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depending on the interactions. In our experiment, it can be observed that without
any interaction, User A worked, on average, 25 minutes continuously, whereas
interactions with his officemates interrupted his continuous working, breaking
the time into shorter periods. Even so, it has to be pointed out that after short
interactions he went back to work for another 14 minutes continuously before
taking a break.

The overall length of working is similar in two scenarios for User A. It can be
conjectured that the presence of his officemates encourages User A to take short
breaks to interact with his officemates. This change is highly recommended by
ergonomics experts, because it decreases the risk of injuries.

8 Conclusion and Future Work

We have presented a system that extracts social interactions and behavior pat-
terns using visual sensors. The statistics of the direct interactions shed light on
the social structure in an interactive, social environment. We have also demon-
strated the effectiveness of our learning algorithms on data recorded in a real
office environment. Two sets of patterns were learned, and our method enables
the comparison between the two. Change in behavior pattern due to social in-
teractions and interruptions by other people was identified.

The algorithms and methods we propose are general. In our setup, only one
digital video camera that has a good view on the target user and the environment
is used. More complex patterns can be discovered by refining the granularity of
the sensors and including more activities. For instance, state-of-the-art visual
processing algorithms, or sensors of other modularities, are capable of identifying
the activities of the users. We plan to provide real-time service to the users in
the form of recommendation or intervention, so the wellbeing of the users can
be improved. Input from domain experts would have a crucial role in providing
the feedbacks, such as how often one should take a break.

Our proposed method measures the topological differences between patterns.
It would be useful to identify not just structural changes, but also quantitative
ones. For example, one would like to understand how a worker’s work cycle devi-
ates from his previous pattern. The ability to detect these quantitative changes,
including more frequent breaks and shorter work hours, is required for improving
the ergonomics of the work environment, and essential for building a model for
the social influence and behavior changes.

We also plan to include contextual information, such as schedules of the
users, to the pattern learning algorithm to better understand the conditional
relationship of the behavior pattern and change. The analysis and reasoning of
social interactions will also benefit from the additional information , such as
increased interactions within a team before deadlines. We are continuing our
data collection. We believe more interesting results can be discovered with a
richer set of data.
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