
UNIVERSITY OF NICE - SOPHIA ANTIPOLIS - FRANCE

DOCTORAL SCHOOL STIC
SCIENCES ET TECHNOLOGIES DE L’INFORMATION ET DE LA COMMUNICATION

T H E S I S
to obtain the title of

PhD of Science
Specialty : Computer Science

by

Guido Pusiol

Discovery of human activities in
video

Advisor: Francois Bremond

Afiliation: INRIA, Pulsar Team
May 2012

Reviewers:
Dr. Ram nevatia Director, Institute for Robotics and Intelligence Systems

University of Southern California, USA

Dr. Xavier Roca Director, Computer Science Department
Universitat Autonoma de Barcelona, Spain

Advisor:
Dr. Francois Bremond Director, STARS research team

INRIA - Sophia Antipolis, France





To my beloved parents, Nora and Daniel...





iii

Acknowledgments





Contents

1 Introduction 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 The Semantic Gap problem . . . . . . . . . . . . . . . . . . . 3
1.1.2 Bridging the Semantic Gap . . . . . . . . . . . . . . . . . . . 5

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.3 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 State of the Art 11
2.1 State of the Art . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Single-Layer Approaches . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.1 Space-Time Approaches . . . . . . . . . . . . . . . . . . . . . 16
2.2.2 Sequential Approaches . . . . . . . . . . . . . . . . . . . . . . 26

2.3 Hierarchical Approaches . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.3.1 Statistical Approaches . . . . . . . . . . . . . . . . . . . . . . 35
2.3.2 Syntactic Approaches . . . . . . . . . . . . . . . . . . . . . . 37
2.3.3 Description-Based Approaches . . . . . . . . . . . . . . . . . 39

3 Perceptual Information 43
3.1 Global Tracks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.1.1 General tracker . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.1.2 Depth tracker . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.1.3 Simple tracker, our ad-hoc single person tracker . . . . . . . . 47

3.2 Braking a video into chunks . . . . . . . . . . . . . . . . . . . . . . . 50
3.3 Pixel Tracklets (PT) . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.4 Perceptual Feature Chunks . . . . . . . . . . . . . . . . . . . . . . . 51
3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4 Contextual Information 53
4.1 The importance of Contextual Information for activity understanding 53
4.2 Topology: A single-resolution spatio-temporal contextual model . . . 55

4.2.1 Topology representation . . . . . . . . . . . . . . . . . . . . . 56
4.2.2 Topology training input . . . . . . . . . . . . . . . . . . . . . 57
4.2.3 Topology Learning, computing the scene regions . . . . . . . 57
4.2.4 Computing the scene region parameters . . . . . . . . . . . . 59
4.2.5 Clustering with K-Means . . . . . . . . . . . . . . . . . . . . 59
4.2.6 Distance issues . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.3 Topology examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
4.4 Topology Updating . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.4.1 The alignment of topologies . . . . . . . . . . . . . . . . . . . 62
4.4.2 Updating algorithm . . . . . . . . . . . . . . . . . . . . . . . 70



vi Contents

4.4.3 Statistical Analysis . . . . . . . . . . . . . . . . . . . . . . . . 71
4.5 The Scene Model, a Multi-Resolution representation . . . . . . . . . 72

4.5.1 Selection of the most relevant abstraction level . . . . . . . . 73

5 Primitive Events 75
5.1 Problem Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
5.2 Primitive Events . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
5.3 Building a Primitive Event . . . . . . . . . . . . . . . . . . . . . . . 76
5.4 The Duration and IDChunk attributes . . . . . . . . . . . . . . . . . 77
5.5 The Type attribute . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.5.1 Type representation . . . . . . . . . . . . . . . . . . . . . . . 78
5.5.2 Type computation . . . . . . . . . . . . . . . . . . . . . . . . 78
5.5.3 Type Example . . . . . . . . . . . . . . . . . . . . . . . . . . 78
5.5.4 Type Ambiguity . . . . . . . . . . . . . . . . . . . . . . . . . 79
5.5.5 Type Quantity . . . . . . . . . . . . . . . . . . . . . . . . . . 79
5.5.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.6 The Local Dynamics Attribute . . . . . . . . . . . . . . . . . . . . . 80
5.6.1 Local Dynamics representation . . . . . . . . . . . . . . . . . 81
5.6.2 Local Dynamics Abstraction . . . . . . . . . . . . . . . . . . . 81

5.7 The additional Logic attribute . . . . . . . . . . . . . . . . . . . . . . 87
5.8 Primitive events sequence . . . . . . . . . . . . . . . . . . . . . . . . 87

6 Activities: Discovery, Modeling and Recognition 91
6.1 Input: Primitive Event sequences . . . . . . . . . . . . . . . . . . . . 92
6.2 Approach: Activity Discovery . . . . . . . . . . . . . . . . . . . . . . 92

6.2.1 Seeking for activity patterns . . . . . . . . . . . . . . . . . . . 93
6.2.2 Behind the Stay and Change activity patterns . . . . . . . . 95
6.2.3 Two main achievements . . . . . . . . . . . . . . . . . . . . . 98

6.3 Activity discovery examples and HCI . . . . . . . . . . . . . . . . . . 99
6.3.1 Homecare Gerhome . . . . . . . . . . . . . . . . . . . . . . . . 99
6.3.2 Hospital . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
6.3.3 Sleeping Monitor . . . . . . . . . . . . . . . . . . . . . . . . . 101
6.3.4 The Office . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

6.4 Activity Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
6.4.1 Activity neighborhood . . . . . . . . . . . . . . . . . . . . . . 106
6.4.2 Human Interaction . . . . . . . . . . . . . . . . . . . . . . . . 107
6.4.3 The Modeling Procedures . . . . . . . . . . . . . . . . . . . . 108
6.4.4 Hierarchical Activity Models (HAM) . . . . . . . . . . . . . . 112
6.4.5 Multiresolution-Histograms models (MH) . . . . . . . . . . . 119

6.5 Activity Similarity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
6.5.1 The similarity of HAM - Hierarchical Activity Models . . . . 121
6.5.2 The similarity of MH - Multiresolution Histograms model . . 122

6.6 Activity Recognition . . . . . . . . . . . . . . . . . . . . . . . . . . . 123



Contents vii

7 Evaluation 125
7.1 Evaluation Scenes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

7.1.1 Monocular Video Camera Scenes -MCS- . . . . . . . . . . . . 126
7.1.2 Depth Camera Scene -DCS- . . . . . . . . . . . . . . . . . . . 128
7.1.3 The -DCS- datasets . . . . . . . . . . . . . . . . . . . . . . . 129
7.1.4 The dataset summary and highlights . . . . . . . . . . . . . . 130

7.2 The target activities . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
7.3 Recognition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

7.3.1 Learning activity models, evaluation procedure . . . . . . . . 139
7.3.2 Performance measurements: . . . . . . . . . . . . . . . . . . . 140
7.3.3 Configuration . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
7.3.4 Recognition results, monocular camera dataset . . . . . . . . 142
7.3.5 Recognition results, depth camera datasets . . . . . . . . . . 147
7.3.6 Comparison: Multi-Resolution Histograms vs. Hierarchical

Activity Models . . . . . . . . . . . . . . . . . . . . . . . . . . 148
7.3.7 Comparison: Multi-Resolution vs. Single-resolution approach

HM-basic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
7.3.8 Comparison: Our proposed -HAM and HM - vs. state of

the art -SA1- [Zouba 2010], in HOME-CARE . . . . . . . . . 150
7.3.9 Ranking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

8 Conclusions 159
8.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

8.1.1 Closing the loop . . . . . . . . . . . . . . . . . . . . . . . . . 160
8.1.2 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
8.1.3 Take it home message . . . . . . . . . . . . . . . . . . . . . . 161

8.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162
8.2.1 In the short term . . . . . . . . . . . . . . . . . . . . . . . . . 162
8.2.2 In the long term . . . . . . . . . . . . . . . . . . . . . . . . . 163

8.3 A final thought . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

A Appendix 165
A.1 K-Means Clustering, Distances . . . . . . . . . . . . . . . . . . . . . 165

A.1.1 Euclidean distance . . . . . . . . . . . . . . . . . . . . . . . . 165
A.1.2 City-block distance . . . . . . . . . . . . . . . . . . . . . . . . 165
A.1.3 The Pearson correlation coefficient . . . . . . . . . . . . . . . 166
A.1.4 Uncentered correlation (cosine of the angle) . . . . . . . . . . 167
A.1.5 Spearman rank correlation . . . . . . . . . . . . . . . . . . . . 168
A.1.6 Kendall’s τ . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

A.2 Natural Language Processing for Activity Modeling . . . . . . . . . . 170
A.2.1 A discovered activity and the underlying relationship with lan-

guage models . . . . . . . . . . . . . . . . . . . . . . . . . . . 171
A.2.2 Frequency models . . . . . . . . . . . . . . . . . . . . . . . . . 172
A.2.3 n-gram Models . . . . . . . . . . . . . . . . . . . . . . . . . . 175



viii Contents

A.2.4 uni-gram model . . . . . . . . . . . . . . . . . . . . . . . . . . 175
A.2.5 bi-gram model . . . . . . . . . . . . . . . . . . . . . . . . . . 175

Bibliography 177



Chapter 1

Introduction

Contents
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 The Semantic Gap problem . . . . . . . . . . . . . . . . . . . 3

1.1.2 Bridging the Semantic Gap . . . . . . . . . . . . . . . . . . . 5

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.1 Introduction

From the beginning, human beings have been trying to understand their own
nature. To achieve such a goal, humanity has a long history of use in psychology
and philosophy as holders of the fundamental concepts for human psyche. From
a scientific point of view, the study of human beings occurs partially via their
behavior. Understanding individuals allows to establish general principles which
ends up by their benefit, and consequently the society. In most of the cases, the
principles are deduced from the analysis of empirical and measurable evidences (i.e.
psychoanalysis). Nevertheless, the gathering and analysis of information is a non
fully objective manual task.

Nowadays, technical and scientific advances make computers to evolve rapidly,
becoming affordable and powerful. There are gadgets everywhere, collecting,
transmitting, and warehousing human generated content (or signals) which is
inefficiently handled by other human operators. Humans have a limited capacity
to understand the underlying relationships in large amounts of data. The need of
automatic systems capable of analyzing big amounts of data is imperative. Con-
sequently, cognitive systems (CS) can be put in a central position to collaborate
with other domains to understand and simplify qualitatively perceptual information.

In the last decades, an interdisciplinary domain has raised within CS which aims
at solving the problems mentioned before. The domain is composed of techniques
such as Data Mining, Image Processing and Analysis, Graph Theory, Pattern
Recognition, Artificial Intelligence, Computer Graphics and Machine Learning. It
is from this interdisciplinary domain, where we are contributing in this work to the
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understanding of human activities.

This work presents a complete framework for video analysis. The framework
is capable of automatically discover, model and recognize activities in videos. We
address the full chain of required stages, from low-level vision to semantical activity
interpretation. Scientifically, this manuscript proposes new solutions for cognitive
systems open challenges which are discussed later. From a social point of view, we
contribute by addressing a real world problem which is the care of elder people in
their own homes. This way, we aim at closing the loop of research applied to real
social problems.

A social issue

More than 2 billion people will turn over 65 years old by the year 2050. It is
of crucial importance for the research community to help aging adults to living
independently as long as possible. Nursing homes and hospitals are expensive,
especially due to the staff they require, and could quickly become saturated by those
people with chronic diseases. Moreover, the loss of independence that follows when
people must leave their own homes for nursing homes is a major factor of stress
and participates to the deterioration of patients’ health. Keeping the elders in their
homes with the help of well-placed technology benefits on both fronts [Ross 2004].
Monitoring elderly people’s activities in their homes through video surveillance
gives good indicators of their health. The understanding of daily activities
is key and is a topic that remains open. In the literature the computational
approaches assume usually prior knowledge of the activities and the environ-
ment [Brdiczka 2009]. This knowledge is used explicitly to model the activities in a
supervised manner. Given the wide range of human activities, for a system to be us-
able in real-life conditions, it needs to be generic and to require minimal supervision.

Scientific challenges

Reaching the high level of semantic interpretation of a scene from the low level
of image processing means jumping over a semantic gap. Bridging the seman-
tic gap remains an open challenge. The semantic gap problem is detailed in
the next section 1.1.1. Finding a solution to this gap is one of our main goals.
Other challenges are related to typical vision problems (e.g. illumination), data
abstraction and reduction (e.g. clustering), data modeling (e.g. parametrization),
human computer interface (i.e. display), etc. Nevertheless, we consider each of
these last challenges local to particular tasks in this work and are discussed in their
corresponding chapter.
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1.1.1 The Semantic Gap problem

The semantic gap is the lack of correlation between the semantic categories that a
user requires and the perceptual features that the systems can offer. The problem
can be found in most signal processing domains (i.e. audio, video, image, radio
frequency). In any domain, it can be seen as the difference between what we
can measure (quantitative) from a signal and what the signal actually means
(qualitative).

In the visual domain the problem is discussed by Smeulders et al.
[Smeulders 2000], where it is defined as "The lack of coincidence between the
information that one can extract from the visual data and the interpretation that
the same data have for a user in a given situation...".

The idea of a semantic gap is not new. The following are historical references to
the problem.

• "Un bon croquis vaut mieux qu’un long discours" - A good sketch is better
than a long speech.

Napoleon Bonaparte (1769 - 1861).

• "A picture shows me at a glance what it takes dozens of pages of a book to
expound".

Ivan Turgenev (1862).

• "A picture is worth 100 words".

Fred R. Barnard (1981).

More recently, an all embracing statement of the gap is provided by Richard Ham-
ming (1925 - 1998): "The purpose of computing is insight, not numbers".

For images, the gap problem can be illustrated as we show in the figure 1.1,
where the semantical interpretation of the displayed images is a challenging task.
An immediate observation would be that the provided data is ambiguous and
insufficient to perform a semantical interpretation, and that additional information
would be required. In many cases, the additional information is the context of the
scene. For example, in Fig. 1.1 (d) observing that the painting roller is yellow is a
hint that the person is painting the light rays and not the night darkness.

For video, the gap problem inherits the complexity of image processing and
adds time as a new data dimension 1. One of the advantages of including temporal
information is the enabling of the interpretation of movement. Such a thing, is hard
to do with a single image. For example, in Fig. 1.1 (e) it is difficult to infer that

1A video is a sequence of images (or frames) with an order relationship defined by the acquisition
in time.
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(a) Hand or man (b) Horse or Face (c) Musician or
woman

(d) Painting the
night or the ligth

(e) Giant over
a house or man
jumping

Figure 1.1: Examples of different semantic interpretation of the same visual data.

(a) Example of ambiguous behavior in a parking lot. The trajectories
are not enough to describe semantically the intentions of the people
(i.e. steal a car)

Figure 1.2: Ambiguous people behavior in a parking lot.

the person jumps without first understanding the person motion and his relative
position to the house.

The gap problem for video can also be shown using conceptual video images.
For example, the figure 1.2 show snapshots of trajectories described by two people
in a parking lot. The possible trajectory interpretations are two activities: 1)
Normal: "The people are searching for their car". 2) Unfrequent: "The persons
aim at stealing a car". Nevertheless, further information is required to make a
decision between the two possibilities.

Using more (quantity) and better (less noise) information it is possible to under-
stand semantically the scenario. For example, the continuation of the parking lot
scenario is illustrated in the Figure 1.3. In (1 to 4), the analysis of the trajectories
can describe unfrequent paths; detecting unfrequent events such as in (2) where
the car window is broken; and, contextual knowledge such as in (3), where its
not normal to get in your own car through the window. All of the pre-
vious hints helps to bridge the gap leading to deterministic semantic interpretations.
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(a) Are the persons searching for theirs car, or searching for one to
steal.

Figure 1.3: Person stealing a car in a parking lot.

1.1.2 Bridging the Semantic Gap

In video processing, the gap is located between the low-level visual features and
high-level semantic concepts (labels) understandable by the user.

The low-level features are quantitative (numbers) information obtained from
vision-based techniques, capable of collecting but not interpreting the numerical
information. The interpretation of the low-level features is qualitative information.
It is in the qualitative information space where the user can find semantical
interpretation of the low-level data. The figure 1.4 illustrates the problem of
bridging the semantic gap in the activity recognition domain.

The research community is very aware about the existence of the semantical gap.
In most of the cases, the literature approaches address the gap issue by avoiding
it. This is, the methods jump over the gap doing a specific transformation of
quantitative to qualitative information (and the inverse) in a single step.

In terms of taxonomy of the approaches, they can be classified by the strategies of
information processing and knowledge ordering. Two main classes are well defined:
Bottom-Up and Top-Down. In any case, the gap bridge aims at linking low-level
information and data models of the interesting occurrences (meaningful abstrac-
tions). The interface between the final user and the data is performed through the
activity models as it is illustrated in the figure 1.5. The two types of approach are
complementary paradigms and can be confronted:

1. Top-Down (also known as step-wise design): These approaches start by tools
for the creation and management of ontologies, and they link low level features
to built ontologies. As a result of the efforts in this area there is a large set



6 Chapter 1. Introduction

Figure 1.4: The semantical gap problem in activity recognition.

of custom based ontologies, defining important concepts that can guide our
research in video analysis. The ontologies are representing what experts ex-
pect to extract from the video content. The top-down approaches emphasize
planning and a complete understanding of the system sub-parts. This implies
that they require a big amount of prior contextual knowledge. Contextual
information can be directly injected to the system. Generally, they have a
compositional structure of different abstraction layers. At each layer small
sub-systems are being solved, contributing to a general solution. A top-down
approach is generally assisted by the usage of "black boxes", which makes eas-
ier to manipulate the system sub-parts. In most of the cases these approaches
are fully supervised which can be considered as a drawback in complex real
environments. For long term activities, it is hard to know and describe all
possible variations of an activity performed by an individual. Further, the
manual modeling takes time and it is hard to describe activities of low seman-
tical abstractions. More over, the perceptual low-level information usually
arrives with noise which is hard to understand and model manually.

2. Bottom-Up: These approaches are usually coming from the Computer Vision,
Signal Processing and Audio analysis communities. This is where the research
community tends to focus in very specific applications and challenges (e.g.
surveillance, traffic, crowd analysis). These approaches generally extract
and handle particular types of information that are relevant to a specific
content. The applications have a well defined goal and a good understanding
of the context of the extracted data allowing to build ad-hoc approaches for
a particular domain. Bottom-up approaches are characterized by the lack of
human intervention in the data processing. This type of procedure is known
as unsupervised. Mainly these approaches use prior knowledge of the type
of data to be processed. The unsupervised approaches are always linked to
a data driven learning procedure. The procedure will produce models of
interesting video events and those models can be later found in new low level
sequences. The drawback of fully unsupervised bottom-up approaches is that
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they can only establish a similarity between a learnt model and low level
data, due to the lack of a proper semantical layer. Also, they cannot retrieve
semantical interpretation of the low-level features. Nevertheless, bottom-up
approaches can have different degrees of non supervision which are related
to the complexity of the prior knowledge provided by humans and to the
understanding of the data to be processed.

The figure 1.5 shows an illustration of bridging the gap using the methods
described above.

Summarizing, Bottom-Up approaches bridge the semantic gap by learning
the activity models which can be directly retrieved to the users. Nevertheless
semantical interpretation is missing. In the other hand, Top-Down approaches
can interpret semantically the video, and this way bridging the gap. But
manually described activity models are usually a weak characterization of
an activity. We propose to use an intermediate solution, a third type of
approaches:

3. Our approach is hybrid: We propose to take the best of both types of
approach described above. We process automatically low-level information
up to a point where it can provide semantically explainable descriptions
of the human motion (e.g. person moves from A to B). Such a thing is
achieved by combining data driven learning procedures to understand small
video chunks and learnt contextual information (interesting scene regions and
objects). The combination is a Bottom-up technique which at certain point
can be seen as a traditional Top-Down approach where the manual anno-
tations are replaced by learning techniques. We combine the automatically
learnt information to build an intermediate layer of semantical information
characterized as primitive events. The intermediate layer has the property
of being located just in the middle of the semantical gap. We use pattern
matching techniques to discover and model automatically activities. The
interesting models are presented to the user which may add semantical labels
(as in Top-Down). Finally, the video interpretation is achieved by building
new models automatically and by comparing them with labeled ones.

In other words, our method does not avoid the semantical gap, but it pro-
poses an intermediate layer of primitive events. This layer can be understood
by humans and labeled semantically, relaxing significantly the amount of su-
pervision without loosing the benefits of learning. When high-level semantics
are required for a final application, this approach can be classified as semi or
weakly supervised.
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Figure 1.5: Bottom-up and Top-down, the main techniques to bridge the semantical
gap.

1.2 Contributions

The contributions of this work can be summarized by the following items:

• Dynamic length video chunks: On our understanding it is the first ap-
proach which proposed braking down a long video into sizable chunks of video
representing only meaningful information on demand. This reduces the storage
space without loosing activity information. Moreover this dynamic decompo-
sition is done in real time.

• Combination of local and global motion: Most of the literature ap-
proaches detect abstract high-level activities using global object trajectories
or short-term actions using pixel based trajectories. We propose to combine
both types of trajectory to understand high-level activities reinforced with
finer descriptors of local motion.

• Learning scene models: We propose an algorithm to automatically discover
and characterize the scene regions of interest, where an agent interact with
objects (a Topology). The algorithm builds multi-resolution topologies of the
scene which corresponds to the model of the scene. Also, we adapt from the
graph theory domain an alignment algorithm used to update and compare
scene models of different agents.

• Primitive Events: This is probably the most important contribution of
this work. We build an intermediate layer of primitive events between low-
level information and high-level semantics. The layer is automatically learnt.
It has the property of being easily understand by humans. Consequently,
allowing modifications and providing explanations of the perceptual low-level
information (e.g. tracking errors are easily characterized).

• Activity discovery: We propose to extract particular event patterns to dis-
cover activities at multiple semantical resolutions. Therefore, the activities
and sub-activities are automatically discovered marking the start and end of
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an activity in a single computation. This method overcomes sliding window
approaches which requires trying several sizes to find the right temporal length.

• Activity modeling: We propose two hierarchical methods to model an activ-
ity. The models are learnt with the particularity of using activity descriptors
(building blocks) of different resolutions. Also, the models characterize the
relationships among the multiple resolutions. The multiple resolutions repre-
sent the activity sub-activities. Most of the literature works learning multi-
resolution models build their different abstraction layers from data incoming
from a single resolution (i.e. re-clustering the elements of a cluster).

1.3 Outline

This thesis goes from the low-level to the high-level video interpretation correspond-
ing to the order of the chapters. A brief description of the chapter organization is
itemized as follows.

• Chapter 2
Related Work: We explore the literature approaches which address the prob-
lem of understanding short, mid and long -term activities. We follow a tax-
onomy to categorize the approaches in single-layer (mostly unsupervised) and
hierarchical (supervised) approaches. Also we describe similar attempts to
ours explaining the critical points where they succeed and fail for discovering
long-term activities.

• Chapter 3
Perceptual Information: This chapter explains how we propose to extract
from a video the building blocks (trajectories) for the rest of this work. First,
we describe 3 methods to detect and track the global position of an object.
Second, we explain how to use the global position to brake a long video into
meaningful clips. Third, we explain how we reinforce the motion description
by computing sparse pixel-based tracklets. Finally, a compact representation
is built to reduce the amount of data necessary to characterize a small amount
of activity (i.e. an action).

• Chapter 4
Contextual information: We explain how we learn a single resolution con-
textual model called the scene Topology. We proceed by extending the con-
textual information to multiple resolutions, building a scene model which is
characterized by several topologies. We propose a compact representation of
the scene model as well as updating procedures. Finally, we explain the type
of analytical information that can statistically be inferred from a learnt scene
model to understand basic general scene properties (i.e. the kitchen is the
most used space in a house).



10 Chapter 1. Introduction

• Chapter 5
Primitive Events: We fuse the learnt information described in the chapters
4 and 5, to build a basic atomic entity named primitive event. The primitive
events are abstractions of low-level information capable of describing semantics
without ever being labeled by users. For example, typical primitive events are
the transitions of an object between the different regions of the scene, or an
object remaining static for a long period of time. Also, we attach to the
primitive events processed pixel-based motions which can describe the main
local dynamics of an object (i.e. the waving gesture of a person). Finally, we
explain how a sequence of primitive events is built from an incoming video.

• Chapter 6
Activities: Discovery, Modeling and Recognition: In this chapter we
explain how to extract activities from sequences of primitive events by pattern
matching. The activities can be extracted from different resolution levels.
The extraction is equivalent to the discovery of the start and end marks of
an activity. The activities are automatically clustered by coherent properties
and displayed to the user. The user can add semantics which leads to a
new activity model. We propose 2 new multi-resolution activity modeling
techniques. Finally, a modeled activity is recognized in a new video computing
its similarity with new activity models.

• Chapter 7
Evaluation: In this chapter we evaluate the proposed approach in 3 different
scenes. The tests take place by variating several possible configurations of the
whole system to demonstrate its flexibility (i.e. the stages of the framework
can be replaced). The evaluation scenes are mostly related to home-care appli-
cations. We compare our method to other state of the art methods. Also, we
compare multi-resolution and single-resolution modeling techniques. Finally,
the recognition procedure is evaluated using an activity model learnt with a
single training prototype. This last evaluation demonstrates the accuracy of
the system using the minimal requirements.

• Chapter 8
Conclusions: In this chapter we summarize the strengths of this work and the
points which still require improvement. We propose other possible applications
and extensions. Finally, we discuss the future work that can build over the
proposed approach.
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2.1 State of the Art

The goal of activity recognition is to automatically understand ongoing activities
from an unknown video (i.e. a sequence of image frames). In a simple case
where a video is breaked into clips to contain only one instance of an activity, the
objective of the system is to correctly classify the clips into its activity category
(a discriminative approach). In our case, it is more complex, the continuous
recognition of human activities must be performed by detecting the starting and
ending times of all activities from an input video. Furthermore, the total number
of possible activities in unknown and several activities occur in the same time.

A majority of work in activity recognition focuses on relatively short activities
(or actions) that have a duration of seconds, rather than minutes, hours or even
days. The recognition of small time scale activity is a field that is still poorly
understood, long-term and high-level activities is a field even less explored,
making it challenging. For example, there is not yet a formal definition of high-level
activities. In larger time scales, the properties of the activities are different than
in smaller scales. For example, they present larger variances in the execution than
shorter activities. Such a situation makes hard the usage of existing recognition
algorithms. The length of the activities carry set of technical problems which
makes hard the evaluation of ad-hoc methods. the long term videos is require of
annotation techniques that could be carried by humans and still maintain ground
truth detail for experimentation. Furthermore, these activities cannot be developed
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in the laboratory (as with short actions), they require to be performed in real
scenes and the movements need to be as natural as possible, requiring of logistics,
proper environments, robust hardware. Finally, the recognition algorithms need to
consider the cost of processing and configuration as one of the variables of handling
efficiently large amounts of data.

The activity understanding methods are, in most of the cases, designed to work
for particular scenarios. In the rest of this work the words scene and scenario
are used in reference of the environment where an activity takes place and the
activities occurring in the environment. The scenes can be describing outdoor and
indoor environments. The outdoor scenes generally represent unconstrained areas
where agents can move freely interacting with objects. The indoor scenes contain a
richer set of objects that the agents interact with. Conceptually, the scene objects
play an important roll in activity understanding. In most of the cases a scene can
be classified as a structured or a unstructured scene. We consider that a scene is
structured when the objects of the scene define a set of possible scenarios, and this
scenarios usually follow a constrained spatio-temporal order of events. For example,
the frequent activities described by the car paths in a traffic junction is structured
and defined by the allowed road way and traffic light changes. In the other hand
the activities described by a person in an apartment are not defined entirely by the
objects in the scene. For example, several activities can occur at the kitchen, and
when an activity occurs ("preparing meal") there is no specific ordering of events
(the stove is not going to be necessarily used). This difference of structured and
unstructured is important due to the fact that most of the literature approaches are
designed to work for a specific type of scene, being the second category of activities
the most challenging to recognize.

The type of activities that can be understood have wide variations. In many
cases the variations depend on the agents (e.g. "humans", "cars"). Humans are
agents capable of producing complex unstructured motions to perform activities,
most of the methods addressing the problem of human activity understanding at
home can be ported to other structured domains (i.e. traffic surveillance). There
are various types of human activities. We categorize them depending on their
complexity and length. The complexity of an activity is defined by the variations
of the characteristic events defining an activity and the amount of events that
can be perceived. For example, a person "preparing meal" can be perceived by
the interactions defined by the person and the kitchen equipment which are more
complex to describe and recognize than the ones of a person "sitting".

We define 4 categories of human activities: gestures, actions, interactions, and
behaviors. Gestures are movements of a person body part, and can be seen as
atomic components describing meaningful motion. For example, "raising a leg"
is a gesture. Actions are single-person motion that may be composed of multiple
gestures organized temporally, such as "waving," and "punching." Interactions are
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human activities that involve two or more persons and/or objects. For example,
"two persons fighting" is an interaction between two humans and "a person is
preparing meal" is a human-object interaction involving a human and objects. In
our case we are interested in long term activities which are in most of the cases
human-object interactions of long duration. In this work we refer to these long
term interactions as "activities". Finally, a behavior is an high level description of
the person state such as "angry", "active". In most of the cases, the behavior is
understood over a set of interactive activities of long duration (e.g. days, weeks).
Other activity categories could include the understanding of groups of people,
nevertheless this subject is beyond the scope of this work.

We are interested in different type of long term-activities, but mainly we make
focus in a particular class. The activities can can be find in healthcare and assisted
living applications. The activities are the called Activities of Daily Living (ADLs).
A set of ADLs are originally proposed by Katz et al. [Katz 1963], and have evolved
over time into a set of activities used by physicians to measure the well-being of
elderly patients. The ADLs contains activities such as: bathing, dressing, trans-
ferring, continence and feeding. The ADLs are extended to a set of Instrumental
Activities of Daily Living (IADLs) proposed by Lawton and Brody [MP 1969],
which is composed of activities such as: using phone, preparing meal, housekeeping,
doing laundry, transportation, taking medicaments, etc. Finally, ADLs and IADLs
is a challenging set of activities that we aim at recognize automatically.

Subsets of ADLs and IADLs have been recognized wearable senors
[Stikic 2008, Zouba 2009]. The drawback is that for some people the wear-
able sensors can be invasive, also in many cases the monitored users forget to
put on the sensors (e.g. wrest) making the data acquisition impossible. Other
approaches overpass the previous limitations using non-wearable sensors such as
cameras. The usage of general vision sensors carry a large set of challenges which
we aim at address with the work proposed in this work.

The goal of this chapter is to provide an overview of the state-of-the-art of
activity recognition methodologies strongly oriented to human agents. We aim at
explaining the benefits and drawbacks of the proposed literature techniques, also
the reasons and tendencies adopted by recent work.

Activity understanding in videos is an active field which changes fast. There are
different works that summarize and describe the contributions of the last years. For
human activity understanding, recent work include the surveys of [Turaga 2008] and
[Aggarwal 2011]. The last one introduces an approach-based taxonomy structured
as a tree to categorize the literature approaches. In this chapter we adopt such a
taxonomy to extend the surveys to general activity recognition methods and more
up to date techniques.
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We discuss the different types of approach designed for activity understanding.
The approaches not only can be categorized but also inter- and intra- class compar-
isons can be made. The comparisons aim at showing the difference of our proposed
approach and including non measurable conceptual differences such as:

• The method can recognize activity in structured and/or in unstructured
scenes.

• The method works or not for activities with loosely time constraints.

• The method are designed to handle long duration activities (hours), or are
oriented to recognize short actions.

• The approach is supervised, unsupervised or semi-supervised.

• About the capabilities of the methods to provide semantical descriptions of
the activities.

• About the type of applications where the methods are tested.

• About the difficulty of training and updating, automatically or manually the
activity models. When its supervised, the difficulty of describing the models
by hand. When its unsupervised, the amount of training data required and
the time needed to train a model.

• About the activity models, the different generative and discriminative ap-
proaches.

A first classification of the literature approaches consists in differentiating Single-
layered and Hierarchical approaches. Single-layered approaches model and
recognize activities directly form the video. Usually, single-layered approaches can
recognize short actions or activities that contain events ordered sequentially. In
most of the cases, single-layered approaches use a dense set of descriptors to fill
complex models. In the other hand, hierarchical methods are similar to the "divide
and conquer" algorithm, where an activity is recognized based in the recognition
first of simpler sub-activities. A particularity of hierarchical approaches is that
the composition of sub-activities allows the semantical description of complex
long-term activities.

Single-layered approaches are decomposed into two sub-classes depending on
the activity modeling structures. The sub-classes are: space-time and sequential
approaches. The space-time approaches view an input video volume where they
compute descriptive features (e.g. trajectories). In the other hand the sequential
approaches characterize a video as a sequence of perceptive events.

Space-time approaches are classified in three groups depending on the features
they use for modeling an activity. The classes are: video volume (i.e. a sequence of
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images -pixel level-), object trajectories, and local features (e.g. pixel-based points
of interest). The sequential approaches are classified in two sub-classes depending
on the use of exemplar-based or model-based recognition techniques.
Hierarchical approaches are classified in three categories depending on the
recognition procedures: statistical, syntactic, and description-based approaches.

For statistical approaches, the activity models are state-based and concatenated
hierarchically (e.g., layered HMMs). The Syntactic approaches use a grammar syn-
tax such as a stochastic context-free grammar (SCFG) to model activities. Finally,
Description-based approaches model human activities by describing sub-events and
also their temporal, spatial, and logical attributes.

2.2 Single-Layer Approaches

These approaches can recognize human activities directly from video data, where an
activity is a type of image sequences (or chunks). A video chunk is classified into a
set of predefined classes, where each class represents an activity. The classification
is performed by matching algorithms and the process of classification is what is
called the activity recognition procedure.

For real-time recognition on the fly, most of the approaches adopt a sliding
window technique to build a template video chunk. In most of the cases, these
approaches are more effective when the activity models are learned (unsupervised).
Due to the sequential nature of these approaches, they can recognize simple and
short human actions (e.g. "walking", "jumping", "waving") and activities and
long constrained object activities (i.e. "car turn left"). In unstructured scenes, the
sequential events of a long activity trend to have variations hard to characterize
by these methods. Nevertheless, for long constrained activities, these methods can
model the sequence of events.

The single-layered approaches are grouped into two classes: space-time and
sequential approaches.

Space-Time approaches model a human activity as a particular video chunk
(3D volume) in a spatio-temporal dimension or as a set of features extracted from
the chunk. The chunks are built by concatenating image frames, and the chunks
are compared to recognize activity. The group of sequential approaches treat an
activity as a sequence of perceptive events. In most of the cases, an activity is
represented as a sequence of feature vectors, where the feature vectors are computed
from the images composing the chunks. The activity recognition is achieved seeking
event sub-sequences matching with a modeled feature vector.
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2.2.1 Space-Time Approaches

The video piece of an activity instance can be represented as a 3-D XYT spatio-
temporal chunk. Space-time approaches can recognize activities by analyzing the
space-time video chunks.

Typically the activity recognition in space-time approaches is as follows. First,
based on training video chunks, the system learns the activity models. Second, for
a new unseen video, the system brakes the video into chunks sequentially. Each
new chunk builds a test activity model which is compared with the learnt model
(template) to measure the similarity. There are several variations of the volumetric
space-time representation. The abstraction of the image chunks into more meaning-
ful features (e.g. trajectories) allows the understanding of more complex activities
and the filtering of low-level vision problems (illumination changes). Among the fea-
tures, many systems represent an activity as a set of object-based trajectories if it is
capable of tracking a target object (e.g. humans, cars). Other features may include
feature points such as pixel-based motion tracklets, human joint positions, interest-
ing points, visual words, etc. The whole idea of video abstraction into other features
is to build compact and discriminative rich descriptors of the raw video information.

The recognition procedure is similar for most of the space-time approaches,
where the recognition is achieved by the template-matching of activity models learnt
from any type of low-level features. The template-matching algorithms usually
correspond to generative approaches, where not the whole set of possible activities
is known. Other type recognition approaches are neighbor-based approaches.
These approaches usually are followed by discriminative methods, where the whole
possible set of activities is modeled, allowing the inter-classes similarity estimations.
For neighbor-based approaches the system maintains a set of sample features (e.g.
trajectories), and the recognition is achieved by matching an unseen input with all
or part of the features.

2.2.1.1 Space-Time Volumes (STVs)

These approaches assume to have two volumes of video (learn and test chunks).
The main challenge is to define methods to measure the similarity between these
volumes. The approaches are mostly applied to human action recognition. They
need to measure the similarity between the movements described in the two video
volumes. The similarity is measured depending on the type of representation used
to describe the video volumes.

A first type of representation is called global, where the region of interest (ROI)
of an object is considered as a whole. The ROI is generally obtained by background
subtraction and tracking. For human actions, the segmented person’s silhouette can
be used to represent video. When the silhouette is obtained, there are many ways to
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(a)

Figure 2.1: Example of the Bobick and Davis [Bobick 2001] 2D motion images

encode the motion information. One of the earliest approaches is proposed by Bo-
bick and Davis [Bobick 2001]. They extract human silhouettes from 2-D images and
accumulate the differences between frames of an action sequence. The result is a 2-
dimensional binary motion energy image (MEI) and a scalar-valued motion-history
image (MHI), where the pixel intensities are a function of the silhouette motion
-see figure 2.1(a)-. The system works in real-time and is a template-based recog-
nition approach that usesHumoments to measure the similarity between templates.

In general, methods using a global representation are sensitive to noise, partial
occlusions and variations in the viewpoints. Also, the computation of silhouettes is
not an easy task requiring controlled environments to achieve accurate segmenta-
tions. To partly overcome these issues, grid-based and optical flow-based approaches
divide spatially the observation into cells, each of which encodes part of the obser-
vation locally. The correlations are usually found locally for each grid patch and
propagated to a global volumetric score.

The approach proposed by Shechtman and Irani [Shechtman 2005] estimates
optical flow in a 3-D STV. They compute a 3-D STV-template as similarity
measurement between two volumes. The similarity measurement is defined hierar-
chically, where at every 3D location (x, y, t) of the volume, they compute a small
3D patch around it. Each patch characterizes the flow of the local motion. The
local and global similarities between two volumes are obtained by accumulating
the local correlation of the patches of both volumes at the same location. For new
videos, the system seeks for all possible 3-D volume segments that matches the
template (i.e. sliding windows). Their system was able to recognize various types
of human actions, including ballet movements, pool dives, and waving.
The work of Ke et al. [Ke 2007] uses over-segmented STVs to model activities.
Their system applies a hierarchical mean-shift clustering technique to group
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similarly colored voxels, and obtains several segmented volumes. The idea is to find
only the agent volume and to measure their similarity to the model. Recognition is
done by searching for a subset of over-segmented STVs that are similar to the shape
contained in the modeled template. The actions are modeled deterministically
using Support vector machines (SVM). The system is able to recognize actions
from the KTH database [Schuldt 2004] and tennis plays from videos with complex
backgrounds.
Also, Rodriguez et al. [Rodriguez 2012] uses synthesizing filters to analyze 3D
volumes. They extend the maximum average correlation height (MACH) originally
developed for 2D images, now for 3D volumes. Each action is learnt using a
synthesized filter fitting the training volume. The recognition is achieved in a new
video applying the learnt MATCH. The authors apply the method to movie videos
recognizing actions such as hitting and kissing.

In general, STVs are computed as a set of dense descriptors to train the activity
models, which is good for the recognition of short actions, but difficult to apply
for long term activities. Other difficulties of applying these models to long term
activities can be summarized as follows.

• The use of dense descriptors can describe short actions with high detail. Nev-
ertheless, the models require big amount of training data and are hard to
update and modify.

• Noisy data is not handled. The background is usually modeled as a part of an
action.

• It is hard to recognize actions when multiple-persons are present and when
the actions cannot be spatially segmented.

The last point discussed above is addressed by the computation of trajectories which
are build as temporal links of interesting pixels or objects. These types of feature
are semantically rich and we discuss some approaches which uses them in the next
section.

2.2.1.2 Space-Time Trajectories

In trajectory-based approaches, an object’s trajectory is generally represented as a
sequence of 2D or 3D points over time.

Human actions can be estimated using the trajectories defined by the body
parts (e.g. head, hands, etc.). The body parts estimation is a complex low-level
task used to extract the joint positions of a person at each frame.

Using the trajectories described by the joints different approaches are presented.
For example, Sheikh et al. [Sheikh 2005] uses an affine projection to obtain a set
of normalized trajectories of 13 joints while a person performs an action. Also,
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Yilmaz and Shah [Yilma 2005] compare actions of different videos using a set
of joint trajectories in 4D (x, y, z, t). The approach of Campbell and Bobick
[Campbell 1995] proposes the representation of joint trajectories as curves in
low-dimensional phase spaces. Each curve is modeled as a cubic polynomial form
and the k most meaningful curves are used as an action model. The system is
capable of recognizing simple ballet movements, and the joints are tracked using
markers attached to the agents. Other types of features are described by the work
of Rao and Shah’s [Rao 2001] which track the position of hands in 2D images
using a skin detector. The method models actions characterizing the peaks of the
hand trajectories and the intervals of time between them. The recognition is a
template-based matching procedure capable of detecting actions such as "opening
a cabinet" in an office.

The advantage of the usage of joints is the capability of understanding and
modeling finer human activities with compact representations. In general, the
usage of object-based trajectories is suitable for long term activity understanding.
Nevertheless, the approaches described above only focus on short actions. We
describe the above methods due to their particular connection with our work. In
our work, we use joint trajectories to recognize complex composed activities, which
compose the activities described by both hands. The problem of the methods
described above, is the difficulty to detect and track the joints in monocular
cameras. We overpass such a limitation using of low-cost RGB-D cameras and
using a recent approach [Shotton 2011] to track the human joints accurately.

2.2.1.3 Space-Time Local descriptors

Local representations characterize the observations as a collection of local de-
scriptors or patches. Using local representations the object localization and
background subtraction are not required. Usually the use of local descriptors allows
representations to be invariant to changes of appearance, occlusions, rotations and
scale. Local descriptors describe small windows (2D) in an image or cuboids (3D)
in a video volume.

Patches or local descriptors are sampled either densely or at space-time interest
points. Local descriptors summarize an image or video patch in a representation
that is ideally invariant to background clutter, appearance and occlusions, and
possibly to rotation and scale. The spatial and temporal size of a patch is usually
determined by the scale of the interest point. Figure 2.2 shows cuboids at detected
interest points.

In this section we use equally the terms local features, local descriptors, and
interest points. In most of the cases, the systems follow a set of stages:

1. Extract specific local descriptors designed to capture the local motion from a
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Figure 2.2: 3D cuboids reprinted from [Laptev 2003, Laptev 2005]

3-D STV.

2. Combine the descriptors to characterize activities while considering their
spatio-temporal correlations or ignoring them.

3. Recognition algorithms are applied to classify the activities.

Some approaches extract local features at each frame, and concatenate them in
time to characterize the activity in a STV. For example, the early work of Chomat
and Crowley [Chomat 1999] proposed the idea of using local appearance descriptors
to characterize an action. They combine motion energy fields with Gabor filters to
capture the motion in a STV. They build spatio-temporal appearance descriptors
of the motion orientation. The actions are modeled as a set of histograms over
the features and the recognition is achieved applying bayesian rule over a set of
histograms of a new clip. They can detect simple short human actions such as:
"go left", "come". The importance of the work is the introduction of appearance
descriptors applied to activity recognition. Similar to Chomat et al., Zelnik-Manor
and Irani [Zelnik-Manor 2006] describe an STV as a bag-of-words of different
temporal scales. Each word is the intensity gradient orientation of an image
local patch. To represent only the moving areas the patches with low temporal
variance are ignored. This restricts the approach to detection against non-moving
background. They present an inter-histogram distance which ignores the original
3D position of the extracted features.

Other approaches extract sparse space-time local interest points from STV.
The space-time interest points describe the locations in a volume where sudden
changes of movement occur. Laptev and Lindeberg [Laptev 2003, Laptev 2005]
extended the Harris corner detector used for object detection to 3D. They detect
scale-invariant interesting points (STIP) searching spatio-temporal corners for
non-constant motion patterns. STIP are those points where the local neighborhood
has a significant variation in both the spatial and the temporal domain. The scale
of the neighborhood is automatically selected for space and time individually.
It is possible to detect the changes of direction, splitting and merging of image
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structures, they use the descriptors to segment a person from the backgound.
Schuldt et al. [Schuldt 2004] uses the STIP points and classify multiple actions
by applying SVMs. This last work introduces as a consequence the KTH actions
database widely used for action recognition benchmarking.

The recognition of actions using sparse local interest points from a STV is
adopted by several researchers. As its suggested by Laptev and Lindemberg, the
usage of sparse points to characterize motion is sufficient to represent short actions.
Nevertheless, one drawback of the above methods is the relatively small number of
stable interest points. The issue is addressed by Dollar et al. [Dollar 2005], who
apply Gabor filtering on the spatial and temporal dimensions individually. The
number of interest points is adjusted by changing the spatial and temporal size
of the neighborhood in which local minima are selected. A small volume called
cuboid is associated to each interest point (see fig. 2.3 (b)). Each cuboid captures
pixel appearance (brightness) values of neighborhood interesting points. They use
k-means to cluster the training cuboids of an action, building a bag of words. They
model an action as a histogram of cuboid word (cluster type). They are capable to
classify facial expressions and some human actions of the KTH dataset.

Similarly, Blank et al. [Blank 2005] compute local descriptors at each
frame.They first stack silhouettes over a given sequence to form a STV -see fig. 2.3
(a)-. Then the solution of the Poisson equations used to derive local space-time
saliency and orientation features. Global features for a given temporal range are
obtained by calculating weighted moments over these local features. The authors
have applied a simple nearest neighbor classification with an Euclidean distance
to recognize actions. Simple actions such as walking, jumping, and bending in the
Weizmann dataset, also simple ballet movements are successfully recognized.

Niebles et al. [Niebles 2008] uses the same approximation as [Schuldt 2004]
but first smooths the data to reduce its dimensionality by Principal Component
Analysis (PCA). They present an unsupervised method for human actions learning
and classification over the features extracted by [Dollar 2005]. Their activity
"recognition" (discovery) method is generative and models an action as a bag
of spatio-temporal descriptors of the object appearance. The approach borrows
from the "Natural Language" domain, the method: probabilistic Latent Semantic
Analysis (pLSA). Using pLSA they recognize actions in a probabilistic fashion. As
a result, they are able to recognize actions from KTH dataset and some skating
actions.
Other spatio-temporal extractors have been proposed. For example, Yilmaz and
Shah have proposed an action recognition approach to extract sparse features called
action sketches. The sketches are built using differential geometric properties on
a STV surface (contour) such as maxima and minima in the space-time domain.
The method is sensitive to noise on the surface. Scovanner et al. [Scovanner 2007]
proposes the 3-D version of the SIFT descriptor [Lowe 1999] constructing a word
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(a) Blank et al. stacked silhouettes (b) Dollar et al. descriptor cuboids

(c) Schuldt et al. STIP descriptors

Figure 2.3: Examples of different Space-Time descriptors

co-occurrence matrix, and iteratively merge words with similar co-occurrences until
the difference between all pairs of words is above a specified threshold. This leads
to a reduced codebook size and similar actions are likely to generate more similar
distributions of codewords. Also, Liu et al. [Liu 2008a] present a methodology
to prune cuboid features to select the meaningful ones. They use a combination
of the space-time descriptors and spin images, which globally describe an STV.
A co-occurrence matrix of the features and the action videos is constructed. The
matrix is decomposed into eigenvectors and subsequently projected onto a lower-
dimensional space. Bregonzio et al. [Bregonzio 2009] propose a detector of cuboid
descriptors where the features are selected in a similar fashion as [Liu 2008a]. The
method calculates the difference between subsequent frames to estimate the focus of
attention and Gabor filtering is used to detect salient points within these particular
regions. Rapantzikos et al. [Rapantzikos 2009] improves the cuboid descriptors by
their extension to characterize color and motion, improving the previous approaches.

Most of the approaches described above do not consider the spatial nor the
temporal relationships of the local descriptors for modeling an activity. These
types of method correspond to the family of bag-of-words (BoW). The term BoW
in computer vision is borrowed from natural language processing (NPL) and it
means that to represent a text, the ordering of appearance of words is ignored. For
example, "a good book" and "book good a" are the same under these models.

The BoW approaches described above, show that basic short actions can
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be recognized accurately when the temporal and spatial information is ignored.
The bag-of-words approaches are particularly successful for basic periodic actions
of controlled environments (e.g. KTH dataset). Nevertheless, they fall short
when they intend to understand mid-term and long-term activities from the real
world. Recently, the interest has turned into characterizing spatial and temporal
relationships between the local descriptors.

One approach which characterizes the spatial-temporal distributions of the local
features is Wong et al. [Wong 2007]. The approach extends pLSA by including the
location of a centroid of correlated motion (e.g. the global movement of an arm),
and building an implicit shape model (pLSA-ISM).The authors achieve good results
recognizing actions of the KTH dataset. The main difference of pLSA-ISM method
and [Niebles 2008] is the description of the relative position of the local features
and the center of global motion. The combination of shape and local descriptors
can be seen as the combination of global and local representations in space. Also,
Savarese et al. [Savarese 2008] proposed a technique to capture spatio-temporal
co-occurrences of codewords in local neighborhoods. The problem is the selection
of the size of the codebook, where big size codebook introduces noise and small
codebooks is not sufficient for discrimination. The codebook size problem is ad-
dressed by Liu and Shah [Liu 2008b] who use maximization of mutual information.
Basically, the technique merges two codewords if they have similar distributions.
Also, they use pyramidal spatio-temporal matching to handle temporal informa-
tion. Laptev et al. [Laptev 2008] build spatio-temporal histograms by dividing
an entire volume into several grids. The method calculates how space-time points
are distributed in a grid volume, and measures which descriptors fall in the grid cells.

Correlations between descriptors can also be obtained by tracking features. Sun
et al. [Sun 2009] calculate SIFT descriptors around interest points in each frame and
use Markov chains to determine tracks of these features. Similar work by Messing et
al. [Messing 2009] extracts trajectories using the KLT tracker. In both cases, tracks
are summarized in a log-polar histogram of track velocities. Also, Oikonomopoulos
et al. [Oikonomopoulos 2009] fit B-splines to the STV boundary that is formed
by a coherent region of saliency responses. Song et al. [Yao 2009] track points
between frames. They fit a triangulated graph to these points to detect and recog-
nize human actions. These methods assume static background and motion due to
objects in the background generates feature tracks that do not belong to the person.
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The trend of using topic models:

Due to the complexity of the relationships between local descriptors, the
research community is using probabilistic modeling techniques to characterize
activities. Complex real world data require complex models. There is a trend on
the usage of topic models introducing hidden variables that correspond to action
categories.

In most of the cases, the topic model based methods first break the videos
into chunks of a few frames or seconds. Documents are created from these clips
by quantizing pixel motion at different locations in the images. Wang et al.
[Wang 2009b] take a semi-supervised approach and use a semi-latent Dirichlet
allocation (S-LDA); the drawback is the manual pre-defined configuration required.
Kuette et al. [Kuettel 2010] represent activities using static co-occurrences of words
loosing the temporal relationships between words. Also, following the exchangeabil-
ity assumption and representing each action as a bag-of-words [Wang 2009a] results
in loosing the temporal dependencies among the words. In structured or semi-
structured scenes the long-term or mid-term activities in a video appear temporary
constrained. Hospedales et al. [Hospedales 2009] address the temporal constraints
by modeling the sequence of activities as a Markov models. The drawback is
that the method requires to configure manually a fixed set of topics and that the
method is not fully generative. The main challenge in topic-models based activity
modeling is the selection of an appropriate model, that is, the configuration of the
number of topics needs to be automatic. The estimation of the number of topics
can be seen as an analogous problem to set the number of clusters for a clustering
technique. Addressing the problem of setting the number of topics, recently,
Emonet et al. [Emonet 2011] uses generative Non-parametric Bayesian methods
such as Hierarchical Dirichlet Process (HDP) to code spatio-temporal words. The
words characterize temporal window which encode meaningful pixel-besed motion
tracklets. Using HDP they can handle automatically an infinite numbers of topics
in theory, while in practice only a finite set of topics becomes important (most
populated). The approach is capable of successfully finding interesting motifs
(temporal window) automatically from traffic scenes -see fig. 2.4 (a)-.

The topic-model based approaches have the advantage of building models of
complex mid-term activities directly from low-level descriptors directly. The recog-
nition of activities is notably accurate in structured scenes and they are capable of
detecting interesting unfrequent activities. Nevertheless, in most of the cases they
use Gibbs sampling method to learn the hidden model variables. Therefore a first
problem is the time required to learn the activity models. A second drawback is
that due to the complexity of the learnt models, it is hard to modify manually or
explain the reasons of success or failure of the system. A third drawback of the
above methods is the lack of global object descriptors making impossible the indi-
vidual recognition of activities occurring at the same time but in different locations,
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(a)

Figure 2.4: Reprint from [Emonet 2011].Top 6 recovered motifs, explaining more
than 95% of the data. Time is represented using a gradient of color from violet to
red. Displayed motifs are all composed of 11 seconds

this is, the scene motion is modeled as a whole. Fourth, they still require the con-
figuration of a sliding windows to compute codewords, which makes the recognition
process computationally expensive. Finally, the methods are not evaluated for in-
door unstructured scenes we are in the process of comparing our approach with
these topic-model based methods.

2.2.1.4 Space-Time Comparison

Using space-time volumes often has difficulties in handling speed and motion
variations. Recognition approaches using space-time joint trajectories can analyze
human motion in detail and are view-invariant in most cases. The problem is the
detection and tracking of body parts. The spatio-temporal local descriptor-based
methods are the most recent. They are robust under vision problems such as:
illumination changes and noise. In general they only require low-level vision
tasks avoiding difficult foreground subtraction or object classification. Also, it
is probed that understanding the relationships of low-level local features it is
possible to extract automatically interesting mid-term activities (HDP). The major
limitation of the space-time feature-based approaches is that they are not suitable
for modeling more complex activities.

Summarizing, the space-time approaches are suitable for the recognition of
temporarily short actions, gestures and movements. They have been tested on
public action datasets (e.g. KTH, Weizmann). Most of the approaches characterize
local motions (e.g. "arm movement") but they lack of global description of the
scenario and its objects, which makes hard the recognition of long-term activities
(e.g. "Person sitting in a chair").
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2.2.2 Sequential Approaches

Sequential approaches can understand activities by analyzing sequences of features
(i.e., feature vectors). They recognize activities in a new video when a learnt
sequence is observed. These approaches first extract a vector of features (e.g.
a long object-based trajectory) describing the status of an object in the scene
(e.g. position) at each time instant. The sets of vector features are analyzed to
understand activities by applying similarity measures. The similarity measures
compare the new sequences with model sequences representing activities. The
models are defined manually or using automatic techniques such as clustering.

We classify the sequential approaches into two categories by using a
methodology- based taxonomy: exemplar-based recognition approaches and
state model-based recognition approaches.

Exemplar-based sequential approaches describe classes of human actions by
using directly the training samples. They maintain a characteristic sequence per
activity or a set of training sequences per activity (cluster), and match them
(similarity) with a new sequence to recognize its activity.

State-based sequential approaches represent a human activity by constructing
a model that is trained to generate sequences of feature vectors correspond-
ing to the test activity. The likelihood (or posterior probability) that a given
sequence is generated by each activity model is calculated to recognize the activities.

Sequential approaches are applied to short, mid-term and long-term activity
recognition. In particular long trajectories in conjunction with external knowledge
of the scene regions of interest is applied to understand complex activities. We
divide the state and exemplar -based approaches into two sub categories short
actions and long activities to clarify the final application of the described methods.

2.2.2.1 Exemplar-Based Approaches.

long activities

For long term activities, the used sequences are reduced to long object-based
trajectories. Recent work aims at understanding the scene jointly with the
trajectories occurring in it.

Conceptual data can be learnt by analyzing the object trajectories. The analysis
is performed in two steps: 1) patterns on specific regions of the scenario by using
clustering techniques; 2) some regions of the scenario can be semantically described
(e.g. road, sidewalk) depending on its perceptual properties.
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(a) Fernyhough [Jonathan H Fernyhough 1996] (b) Makris [Makris 2005a]

(c) Johnson and Hogg [Johnson 1996] (d) Hu et al. [Hu 2006]

Figure 2.5: Scene models of different approaches

Early attempts are done by Johnson and Hogg [Johnson 1996] who propose
a method to learn the probability density functions of trajectories. The object
movement is described as a sequence of flow vectors. Each vector element represents
the position and velocity of the object in the plane. The patterns of trajectories are
formed with two competitive learning networks which are connected by neurons.
Both neural networks are learnt using vector quantization.

Fernyhough et al. [Jonathan H Fernyhough 1996] recognizes frequent trajectory
paths in outdoor scenes by extending trajectories with the spatial extent occupied
by the size of the blobs of tracked objects. The method is easy to configure
requiring no prior information. One drawback is the lack of discrimination
between two objects in the same path but moving in different directions. Also,
the method cannot be extended to other domains and requires perfect full tra-
jectories to learn the models. An example of the learnt paths is illustrated in 2.5 (a).

The lack of semantical scenario descriptions is addressed by Makris and Ellis
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[Makris 2005a]. They learn the entry and exit zones and routes from a set of input
trajectories. The set of start/end trajectory points is used to learn entry/exit
regions applying Expectation-Maximization (EM). Also, they learn paths by
comparing a new trajectory with all exemplar paths previously learnt by a simple
similarity measure. The likelihood is used to update an existing path or to initialize
a new one. An example of the learnt paths is illustrated in 2.5 (b).

Hu et al. [Hu 2006] drastically improve the learning process by utilizing a
complete trajectory as the learning input. They cluster trajectories hierarchically
over spatial and temporal features. The resulting motion patterns are represented
with a chain of Gaussian distributions. The learnt sequential patterns are used
to detect unfrequent activities. The work is a complete framework that proposes
clusters and tracks foreground pixels using an adaptive background-foreground
segmentation. The tracking procedure also attaches to each object position other
appearance features (e.g. color, size, etc.). The motion patterns are learnt using
fuzzy K-means clustering algorithm in an hierarchical fashion. The patterns are
used to build chains of Gaussian distributions characterizing statistical examples of
the activities (paths). Unfrequent activities are seek by the deviations of new mo-
tion and the learnt examples. An example of the learnt paths is illustrated in 2.5 (c).

An approach to on-line learning trajectory clusters is presented by Piciarelli
et al. [Piciarelli 2006a]. Clusters are represented in a tree like structure, where
each edge corresponds to a shared part of long trajectories. The idea is to find
the shared spatio-temporal points of trajectories and to build connected clusters
in a tree like structure where each cluster represents a bi-directional path. Based
on the Euclidean distance they define a new distance measure to decide whether
to merge or split the tree paths. The method can detect unfrequent activities
but it cannot provide semantical descriptions of the learnt paths. Other similar
hierarchical clustering techniques [Antonini 2004, Li 2006a, Patino 2008] allow
multi-resolution activity modeling by changing the number of clusters, but the clus-
tering quality depends on the way to decide when a cluster should be merged or not.

Recent contributions extend the set of features used to learn scenario models.
Basharat et al. [Basharat 2008] builds a probabilistic map of the scenario (see
Fig. 2.6) which combines the trajectory positions and the object size. This
way, unfrequent object sizes can be detected. At each frame a vector is created
(t, x, y, w, h), where t is the time, (x, y) is the position and (w, h) is the 2D size
of a bounding box. They compute the relative transformation of the observations
in a temporal window and build a transition vector. The transition vectors
are later modeled using Gaussian Mixture Models. The method can detect un-
frequent activities but is sensitive to the training dataset and to the parametrization.

Adaptive Methods [Piciarelli 2006b, Makris 2005b], where the number of
clusters adapts over time, makes possible on-line modeling without the constraint
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(a)

Figure 2.6: Scene model learnt by Basharat et al. [Basharat 2008].

of maintaining a training dataset. In these methods it is difficult to initialize a new
cluster preventing outlier inclusion. Other methods [Calderara 2007, Bobick 1997]
use dynamic programing based approaches (DTW) to classify activities. These
methods are quite effective when time ordering constraints hold.

A survey of trajectory-based activity analysis for visual surveillance is presented
by [Morris 2008a]. They describe techniques that use trajectory data to define
a general set of activities that are applicable to a wide range of scenes and
environment. Events of interest are detected by building a generic topographical
scene description from underlying motion structure as observed over time. The
scene topology is automatically learned and is distinguished by points of interest
and motion characterized by activity paths.

short actions

Efros et al. [Efros 2003] present a method for recognizing actions at a distance.
Each agent is perceived as a small, 30 pixel, blob-size. They use optical flow
descriptors to compute the space-time volume of each tracked person. The motion
descriptors are blurry motion channels, and they convert optical flow into a
spatio-temporal motion descriptor for each frame. They interpret a video as a
sequence of concatenated motion descriptors obtained from the optical flow. The
nearest neighbor classification algorithm is applied to the sequence of descriptors
for the action recognition. The similarities are calculated frame-to-frame between
two sequences and detecting diagonal patterns in the frame-to-frame similarity
matrix they achieve the classification of unseen actions. Their system is able to
classify ballet movements, tennis plays, and soccer plays, even from moving cameras.

Lublinerman et al. [Lublinerman 2006] present a methodology that recognizes
human activities by modeling them as linear-time-invariant (LTI) systems. They
transform a sequence of images into a sequence of silhouettes. From the silhouettes
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they extract two types of representations: the width and Fourier descriptors. An
activity is characterized as a LTI system. With LTI they can capture the changes
in silhouette features. The activities are modeled and classified deterministically
using SVMs. Four types of simple actions, slow walk, fast walk, walk sidewise and
walk with a ball are correctly recognized.

Veeraraghavan et al. [Veeraraghavan 2006a] describe an activity as a function
of time that describes parameter changes. The main contribution of the approach
is the explicit modeling of inter- and intra-personal speed variations of activity
executions. They learn nonlinear descriptions of an activity in terms of the
speed variations. The main idea is to handle partial changes of the execution of
an activity. They model an action execution with two functions: 1) a function
that describes the changes of the features over time; 2) a function of possible
time warping. They extend the classical DTW algorithm to include the func-
tion (2) when it attempts to compute the similarity of two sequences. Different
actions such as "picking up", "waving", "pushing" are recognized with the approach.

2.2.2.2 State Model-Based Approaches

State model-based (or graphical model) approaches are the sequential approaches
that represent a human activity as a model composed of a set of states and the
transitions among them. The models are trained statistically for each type of
activity or manually designed supposing that certain events need to happen. The
models are designed to generate a sequence of events (transitions between states)
with a certain probability. Usually, each activity has its own corresponding model.
For each model, the probability of the model generating an observed sequence of
feature vectors is calculated to measure the likelihood between the action model
and the input image sequence. In most of the cases the recognition is achieved using
either the maximum likelihood estimation (MLE) or the maximum a posteriori
probability (MAP) classifiers.

In most of the cases the approaches describing generative models are based on
Hidden Markov Models (HMMs) and Dynamic Bayesian networks (DBNs). An
activity is represented as a set of hidden states. An agent belongs to one state at
each time frame, and each state generates an observation. For the next frame, the
system considers the probability of a state transition to evaluate the new state of
the agent. When the state transition and observation probabilities are learnt, the
unseen activities are recognized by calculating the probability of a given sequence
generated by an activity model.

The HMMs need to make two assumptions to keep tractable the modeling of
the joint distribution over representation and labels. First, state transitions are
conditioned only on the previous state, not on the state history ("the Markov



2.2. Single-Layer Approaches 31

assumption"). Second, observations are conditioned only on the current state, so
subsequent observations are independent.

An early Markov Model approach is proposed by Galata et al. [Galata 2001]
presenting a Variable-Length Markov Models (VLMM). The VLMMs unlike HMMs
can capture behavioral dependencies that may have a variable or long time scale. In
that work, the learning is done assuming a invariant background, where landmarks
never change position. The method is not tested under a noisy dataset, where
unobserved behaviors may appear.

HMMs have been used in a large number of approaches. The work of Yamato
et al. [Yamato 1992] adopted HMMs for the first time. HMMs were at the time,
widely used for speech recognition. At each frame, their system converts a binary
foreground image into an array of meshes. They cluster grid-based silhouette mesh
features to form a compact codebook of observations. An activity is learnt by an
HMM that is probabilistically describing a particular sequence of silhouette meshes.
The training of an HMM is done efficiently using a labeled dataset and the standard
Baum-Welch algorithm. They build one HMM per action. The action recognition
is performed finding the HMM that can generate a new observed sequences with
the highest probability. They use the Viterbi algorithm to perform the recognition.
The Viterbi algorithm [Viterbi 1967] is a dynamic programming algorithm for
finding the most likely sequence of hidden states -called the Viterbi path-. They
are capable of finding basic tennis plays such as "backhand stroke", but most
important, they show that HMMs are capable of producing reliable activity models.

Starner and Pentland [Starner 1995] use standard HMMs to recognize gestures.
In particular they aim at recognizing the American Sign Language (ASL). Human
hands are tracked and sequences of features extracted from the position and shape
of the hands are used to train HMMs. For each gesture a single HMM is trained
with position and shape descriptors. Finally they use the Viterbi algorithm to
recognize the correspondent ASL word through a sequence of observations.

Jiang et al. [Jiang 2009] consider trajectories as dynamic processes. They use
Dynamic Hierarchical Clustering (DHC) to build clusters representing frequent
paths. Each cluster is modeled with a HMM. Therefore a set of hierarchical HMMs
are learned corresponding to each cluster but no hierarchical relationships are
described. The method proposes a scenario updating method, where for each
new cluster or updated (trajectory merging) a new HMM is trained and all the
trajectories in the database are re-classified. The method uses several iterative
algorithms such as the expectation-maximization algorithm to perform the scenario
updating. The updating procedure allows error corrections producing more reliable
activity models (HMMs).

In addition, approaches using variants of HMMs have also been developed for
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human activity recognition (e.g. [Oliver 2000, Natarajan 2007, Park 2004]). Similar
to previous frameworks, they build HMMs-based single-layered model (HMM) for
each activity they wanted to recognize, and used visual features from the scene as
observations directly generated by the model. The methods which extend HMMs
are designed to handle more complex activities including relationships between mul-
tiple actions and including temporal observations such as the duration of the actions.

Brand and Kettnaker [Brand 2000] learn activities using HMMs. The training
is achieved by first minimizing the entropy of joint distributions. Also, Oliver et al.
[Oliver 2000] propose a variant of HMM to model human-human interactions. They
name it coupled HMM (CHMM). Basic HMMs are limited to model the activity of a
single agent. The incapacity o HMMs to understand interactions of multiple-agents
is addressed with CHMMs. They can model complex human interactions coupling
multiple HMMs, each one representing an agent. They couple the hidden states
of two HMMs by specifying their dependencies. Their system is able to recognize
activities such as "two person approaching, meeting and continuing together".

Natarajan and Nevatia [Natarajan 2007] develop a recognition algorithm using
coupled hidden semi-Markov models (CHSMMs), which extend previous CHMMs
[Brand 2000] by modeling the duration of an activity staying in a state. In the
case of basic HMMs and CHMMs, the probability of a person staying in an
identical state decays exponentially as time increases. In contrast, each state in
a CHSMM has its own duration that best models the activity that the CHSMM
represents. As a result, they were able to construct a statistical model that
captures the characteristics of activities which improves the HMMs and CHMMs.
Similar to Oliver et al. [Oliver 2000], they test their system for the recognition of
human-human interactions. Due to the CHSMMs’ ability to model the duration of
the activity, the recognition accuracy using CHSMMs is better than other simpler
statistical models. Also, Lv and Nevatia [Lv 2007] have designed a CHMM-like
(graph model) structure called the Action Net to construct a view-invariant action
recognition system. The system compares synthetic 3-D human poses and in-
put frames to match action sequences, which are tracked using the Viterbi algorithm.

Park and Aggarwal [Park 2004] use a Dynamic Bayesian Networks (DBN) to
recognize gestures of two interacting persons. They recognize gestures such as
"stretching an arm" and "turning the head". The method builds a tree-structured
DBN to capture the dependent nature among the motions of the body parts. A
DBN is an extension of an HMM which is composed of multiple conditionally
independent hidden nodes. The nodes generate observations at each time tick
(frame) directly or indirectly. In their work, a gesture is modeled as state transi-
tions of hidden nodes (i.e., poses) in time. Each pose generates a set of features
corresponding to the body part. The features include: locations of skin regions,
curvature points, the ratio and the orientation of each body-part.
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Comparisons between the state and exemplar based approaches can me summa-
rized:

• In general, the exemplar-based approaches provide more flexibility for the
recognition system, in the sense that multiple sample sequences (which may
be different) can be maintained. In addition, exemplar-based approaches are
able to cope with less training data than the state model-based approaches.

• State-based approaches are able to make a probabilistic analysis of the unseen
activities. A state-based approach can estimate a posterior probability of an
activity, enabling the easy composition of high level activities. The principal
limitations of these approaches is the amount of training data required, which
increases while the activity we aim at recognizing becomes more complex.

Sequential approaches consider sequential relationships among features, thereby
claiming the detection of complex actions and interactions (i.e. non periodic
activities such as sign languages). The recognition of interactions of two persons
are reported in [Oliver 2000, Natarajan 2007] where sequential structures are really
important.

Another way of modeling activity is adopting a discriminative model. The
Conditional Random Fields (CRF) are suited for this purpose. Sminchisescu et
al. [Sminchisescu 2005] use a chain of CRFs and they compare CRFs, HMMs and
Maximum Entropy Markov Models (MEMMs). They show that CRFs outperform
both MEMMs and HMMs when using larger windows, to consider a longer
observation history. Also, different variants of CRFs are proposed. Wang and Suter
[Wang 2007] defines a Factorial CRF (FCRF), which is a generalization of the
classical CRF, where the structure and parameters are repeated over a sequence of
state vectors, which can be regarded as a distributed state representation allowing
the modeling of complex interactions between labels.

For mid-term and long-term activities, the state-of-the-art approaches are
mainly analyzing object trajectories. They are in most of the cases, exemplar based
approaches focusing on exploring different clusters over big amount of data. The
technique usually explore different techniques to reduce the feature dimensionality
without loosing description. These types of method are widely used in the traffic
domain, where the scene is well structured. Nevertheless, they do not interpret
the relationship among the trajectories due to the fact that they usually are
complete (i.e. a car in a road crossing the scene). The lack of understanding of
the interactions among long trajectories disables the possibility of understanding
complex activities with several agents.

To interpret semantical complex mid-term activities, contextual information
is introduced to the methods to aid the activity interpretation. For example,
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[Porikli 2004] captures spatio-temporal relations in trajectory paths, allowing
high-level analysis of an activity, which is very suitable for detecting abnormalities.
These methods require prior domain knowledge which is set manually (i.e. scene
regions) so the adaptability in time is poor.

Recently, the attention is turned into combine contextual information and
object-based trajectories over the scene to provide semantical interpretations. R.
Hamid et al. [Ham 2009a] merge the scene topology and sensorial information,
modeling sequences of event (n-grams) to discover and classify activities. The
method requires manual specification of the scene.

To avoid the manual description of the scene, the approach of Morris and
Trivedi [Morris 2008b] learn scene points of interest (POI) and model the transitions
between POIs with HMMs encoding trajectory points. The points are similar to
Makris et al. [Makris 2005a] semantical regions. The regions are based on the
entry and exit complete trajectory points. This approach is suitable to detect
abnormal activities and performs well when used in structured scenes (i.e., the
usual trajectory paths are well defined, such as in a highway). The method is
hard to apply off the shelf to long-term activities which are loosely constraint due
to: 1) it requires complete tracks, and in long-term activities the possibility of a
tracker error is high; 2) it can not analyze the activity inside a trajectory, when a
person is tracked during one hour only the start and end position are considered;
3) the method lacks of description of local motions which is important to have finer
descriptions of an activity. Nevertheless, the method follows our proposed work
idea of learning the contextual information to provide semantical interpretation.

Naturally, most of the long term activities are composed of sub-activities. The
previously described approaches lack of descriptions for composing sub-activities
which in many cases implies to understand the characteristics of the modeled activ-
ities (i.e. how many times a person uses the fork while eating). In the next section
we explore methods which are built hierarchically and are capable of characterizing
sub-activities.

2.3 Hierarchical Approaches

In general Hierarchical approaches enable the recognition of high-level activities
based on first the recognition of simpler activities. The motivation is to follow the
"divide and conquer" algorithm, where simpler activities (easier) are recognized and
used for recognizing complex activities of higher level of semantics. For example,
the recognition of the activity "preparing meal" may be recognized as a sequence
of "entering to the kitchen", "using the utensils", "using the stove" interactions. In
general the simpler activities are called sub-activities or sub-events.
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Hierarchical representations have a set of benefits over the single-layered
representations:

• The recognition process is computationally tractable.

• The activity models are conceptually understandable, since most of the model
parts are understandable and describing a whole.

• The blocks used to describe an activity are not redundant. A block is usually
describing a sub-activity which can be used several times in a model.

• They are capable of incorporating human knowledge (i.e., prior knowledge of
the activity) into an activity representation much easier to process.

• Hierarchical approaches are especially suitable for providing a semantic anal-
ysis of interactions of humans and/or objects. When modeling high-level ac-
tivities, non-hierarchical approaches tend to have complex structures and ob-
servation features which are not easily interpretable, preventing a user from
guiding the recognition with prior knowledge. Hierarchical methods model ac-
tivity as an organization of semantically interpretable sub-activities, allowing
the easy incorporation of prior knowledge.

• They can recognize high-level activities with more complex structures.

• Hierarchical approaches model the activities with a lesser amount of training
data and can recognize them more efficiently in new datasets.

Usually activity patterns describing coherent motion are described as a
primitive-level (or atomic-level) of actions or sub-activities, the high-level activities
are characterized by representing the relationships between the primitive-level
sub-activities in an hierarchical fashion. In most of the cases the primitive-level
sub-activities are recognized using a single-layered recognition approach described
in the previous section.

We brake the hierarchical-based approaches in 3 groups corresponding to
the techniques used at the core of the representations: statistical approaches
(multi-resolution states), syntactic approaches (grammars), and description-based
approaches (manual descriptions).

2.3.1 Statistical Approaches

Statistical approaches use graph-based models to recognize activities. In the case of
hierarchical statistical approaches, multiple layers of graph-based models (usually
two levels of HMMs and DBNs) are used to characterize sequential structures of
the activities. The first level, aims at recognizing primitive-activity directly from
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the video (like single-layered approaches). The second level interpret the sequence
of primitive-activities as observations generated by the higher level activity models.

Multi-resolution HMMs are proposed by Oliver et al. [Oliver 2002]. They
introduce the Layered Hidden Markov models (LHMMs). It is a two layered
HMM-based approach. The bottom layer is composed of HMMs which recognizes
actions by matching the models with the sequence of video feature vectors. The top
layer of the HMMs are recognizing high-level sequential activities of the sequences
of actions (observations). The system treats the recognized actions as observations
generated for the upper layer HMMs. By its nature, all sub-events of an activity
are required to be strictly sequential in each LHMM. The human activity in a
room: "giving a presentation" is recognized based on the recognition of actions.
Nevertheless, the LHMMs are trained separately and with fully labeled data. But
getting labeled training data is time consuming in case of the application to real
scenarios.
Nguyen et al. [Nguyen 2005] proposes the Abstract Hidden Markov Memory
Mode-based approach for recognizing high-level human activities, which is a
2-layers HMM to recognize sequential activities similar to [Oliver 2002]. Zhang
et al. [Zhang 2006] also proposes a two-layers HMM approach to recognize group
activities in a room. The system recognizes primitive-level actions (i.e. speaking)
using the lower-layer HMMs. The group activities (i.e. monologue, presentation)
are recognized with the upper HMM layer. Also, Yu and Aggarwal [Yu 2006]
propose a block-based 2-layers HMM which is applied to the recognition outdoor
activity such as "a person climbing a fence".

Hierarchical HMMs are also applied to the recognition of daily activities. In
such a context, Duong et al. [Duong 2005] address the problem of recognizing
activities of daily living (ADL). They introduce the Switching Hidden Semi-Markov
Model (S-HSMM), a two-layered extension of the hidden semi-Markov model
(HSMM) for the modeling task. Activities are modeled with the S-HSMM in two
layers: the bottom layer are atomic activities and their duration is obtained using
HSMMs; the top layer represents a sequence of interactions between the atomic
activities trying to describe high-level activities. They show that the proposed
S-HSMM performs better than the HSMMs and the hierarchical hidden Markov
model in the recognition of frequent and unfrequent activities.

Other types of hierarchical approaches include the use of DBNs as the core
technique. Gong and Xiang [Gong 2003] extends the HMMs to build dynamic
probabilistic networks (DPNs). The method is used to detect mostly group activi-
ties of the loading and unloading of cargo in trucks. Recently, Dai et al. [Dai 2008]
uses DBNs to recognize group activities in a conference room similar to Zhang
et al. [Zhang 2006]. Damen and Hogg [Damen 2009] builds Bayesian Networks
(BNs) using a Markov Chain Monte Carlo (MCMC) for hierarchical analysis of
bicycle-related activities. The BNs are used to represent the relationships between
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primitive-level actions and the networks are updated with the MCMC searching for
structures that can explain the ongoing action sequences.

Shi et al. [Shi 2004] propose propagation network (P-net) disposed hierarchi-
cally. A P-net is defined in a similay way as a HMM. In a P-net an activity is
a set of state nodes, the state transitions and observations are probabilities. A
P-net allows the activation of multiple state nodes simultaneously, which extends
the single-node activation of an HMM. Therefore, a P-net allows the recognition of
concurrent sub-activities (e.g. the activities A occurs when B and C), as well as
sequential activities. They successfully recognize the activity of a person performing
an experiment in a laboratory.

The statistical approaches can recognize constrained activities even with noisy
input data. The drawback of these approaches is the inability to recognize activities
with complex temporal structures (concurrent activities). For example, an activity
"A" starts when the activities "B" and "C": ends, occurs or starts. Such a situation
is in general a limitation of the HMM-based and DBN-based approaches, where the
edges of two nodes describe a sequential relationship of two sub-activities but not
the concurrence between them.

2.3.2 Syntactic Approaches

Syntactic approaches describe an activity as a string. The string is composed by
symbols. The symbols represent primitive-level actions or sub-activities. Similar to
previous approaches the sub-activities need first to be recognized to compose strings.

In most of the cases, an activity is described as a set of production rules.
The rules are able to generate sequences of primitive actions which describe a
high-level activity. The activity recognition is achieved using parsing techniques
over generated strings. In general the parsing techniques are borrowed from the
domain of programing languages.

In most of the cases the approaches use as a core technology Context-Free
Grammars (CFGs) and Stochastic Context-Free Grammars (SCFGs). The rules
off CFGs usually have a hierarchical representation or can be easily structured
semantically, similar is the case for the recognition procedures.

The early work of Brand et al. [Brand 1996] uses simple and non-probabilistic
grammars to recognize sequences of discrete behaviors. They use foreground
segmented blobs as input information; they use also a causal model to disambiguate
and parse the input a coherent of action. The causal constraints are drawn
from studies of infant perceptual development; as with infants, they precede and
may possibly even bootstrap the ability to reliably segment still objects. Their
output produces a script of the causal evolution of the scene-output that supports



38 Chapter 2. State of the Art

higher-level reasoning.

Ivanov and Bobick [Ivanov 2000] propose a hierarchical 2-layer system based
on SCFGs to recognize high-level activity. The fist layer uses HMMs for the
recognition of primitive-level actions. The top layer uses stochastic parsing
techniques for the recognition of activities based on the recognized actions.
They encode a set of stochastic production rules capable to describe all possible
activities within the environment. Also, Moore and Essa [Darnell Moore 2002]
uses SCFGs for the recognition of activities. Their approach is intended to
recognize multitask activities extending [Ivanov 2000]. They are able to recog-
nize activities such as "dealer added card to house" occurring in a game of blackjack.

Minnen et al. [Minnen 2003] adopted SCFGs on the segmentation problem of
multiple objects. They show that the semantic processing of activities using CFGs
may help the segmentation of objects. They recognize the activity of a person
working on the Tower of Hanoi problem without any information on the object
appearance.

Joo and Chellappa [Joo 2006] extend SCFGs with an "attribute grammar".
Their grammar adds semantic tags and conditions to the production rules. Their
grammar can describe feature constraints as well as the temporal constraints of
primitive-level actions. They are able to recognize activities in a parking lot by
tracking cars and humans. The activities (e.g. parking, picking up, and walk
though) are recognized with the position of cars and humans, they are also able to
discover unfrequent activities.

The syntactic approaches can provide semantical interpretation of video events
in real time, and the activity models are easy to modify and update. Nevertheless,
the approaches have drawbacks when applied to real world scenarios:

• They are inherently limited for the recognition of high-level activities com-
posed of concurrent sub-activities.

• For the recognition of an activity, the temporal ordering of the sub-activities
appearing in a string needs to be strictly sequential. Such a condition restricts
the detection of loosely constrained activities.

• They are strictly supervised approaches. The approaches assume that all the
events are parsed with the production rules. This is that he user needs to
provide a set of production rules to handle all possible events (model the
perceptive universe manually). Therefore, the user needs to know all possible
unknown observation variations.

To overcome the strictly manual definitions of the production rules, Kitani et al.
[Kitani 2007] proposes an approach that aims at learning grammar rules from ob-
servations, in an unsupervised manner. Nevertheless, the automatization of this
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procedure brakes the main advantage of retrieving manually defined semantics on-
line, and reassembles more to a clustering technique.

2.3.3 Description-Based Approaches

A description-based approach explicitly characterizes the spatio-temporal structures
of modeled activities. High-level activity is characterized by sub-activities in terms
of their temporal, spatial and logical relationships. The recognition is achieved
by detecting sub-activities satisfying a defined activity model relationship. In
most of the cases, the description-based approaches can handle activities build of
concurrent sub-activities.

These approaches usually associate a temporal interval to the occurrence of sub-
activities. The temporal interval is used to specify the type of relationships existing
between ongoing events. The work of Allen et al. [ALLEN 1983, ALLEN 1994]
defines a set of temporal predicates: before, meets, during, overlaps, starts, finishes,
equal. The predicates define a set of sequential and concurrent relationships
between events which are widely used by literature approaches to characterize
high-level activities.

Pinhanez and Bobick [Pinhanez 1998] adopted the Allen’s Interval Algebra
network (IA-network) to describe the temporal structure of activities. In an IA-
network, the sub-activities are nodes and the temporal relationships are described
with typed edges. They define a procedure to transform an Allen’s IA-network
into a Past, Now, Future network (PNF-network). A PNF-network can describe
the same temporal information as in a IA-network, and making it computationally
tractable. The primitive-level actions are manually labeled from the video; the
system is able to recognize activities in a kitchen environment even when one of the
sub-activities is not provided. The system has two main drawbacks: a sub-activity
network has to be specified redundantly if it is used multiple times; all sub-activity
relations need to be described in a network form.

Nevatia et al. [Nevatia 2003] design VERL, which is a language to describe
human activities. They define 3 levels of activity and organize them hierarchically:
primitive events, single-thread composite events, and multithread composite events.
Allen’s temporal predicates, spatial predicates, and logical predicates are used
to represent human activities by specifying their necessary conditions. BNs are
used for primitive-activity (event) recognition; HMMs are used for the recognition
of single-thread composite events which are sequential. A heuristic algorithm is
designed for the recognition of the interactions between multiple persons. The
system is probabilistic. Nevertheless the system is not capable to handle the
low-level perceptive errors, propagating the low-level errors to the high-level
activity recognition. Also, The Vu et al. [Vu 2003] defines a language which is
similar to [Nevatia 2003] but extending the representation to characterize infinite
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hierarchical layers. Another language is defined by Hakeem et al. [Hakeem 2004]
named CASEE, which can represent activity as a conjunction of casual temporal
relationships.

Another type of approach widely used are based on Petri Nets (PNets)
[Zaidi 1999, Nam 1999, Ghanem 2004]. Using PNets it is possible to define the
temporal ordering of the sub-activities composing an activity with a graph, which
eases the visualization and control by humans. Each graph node usually represents
a temporal state of the completion of a sub-activity. The recognition is achieved
by sequentially matching tokens in the graph. [Zaidi 1999] shows that Allen’s
temporal predicates can be represented using PNets. Nam et al. [Nam 1999] uses
the Petri nets for the recognition of hand gestures from videos. Ghanem et al.
[Ghanem 2004] uses PNets to recognize interactions between humans and vehicles
in a parking lot. The main limitation of PNets is that the high-level activities
need to be described in terms of sequential sub-activities, which is not possible for
complex scenes and activities.

Recently, Borzin et al. [Borzin 2007] extend PNets to include stochastic timed
transitions to the PNets formalisms. The delay between the state transitions is
learnt from training examples, using a negative exponential probability function.
The resulting formalism is named Generalized Stochastic Petri Net (GSPN), repre-
senting the coexistence of immediate transitions and stochastic timed transitions.
To tackle with the uncertainty of the detection and tracking processes (if any),
Albanese et al. [Albanese 2008] proposes to attach a probability score to the PNet
tokens for each object.

In general, due to its deterministic top-down modeling nature the main
limitation of description-based approaches is the sensitiveness to the noise or errors
that can be introduced by low-level perceptual components. This means that the
methods do not learn the errors and therefore they cannot handle them leading
to a discrepancy between the manually described model and the real perceptual
information acquired.

Addressing the low-level noise, Ryoo and Aggarwal [Ryoo 2008] propose a
probabilistic framework that uses a logistic regression to model the probability
distribution of an activity, and uses it to detect the activity when some of its
sub-activities are misclassified. They compensate the possible failure of the
atomic-level components (i.e., no primitive-level action detected) borrowing the
hallucination time interval concept defined by [Minnen 2003]. The method can
handle low-level critical errors, but not finer errors such as the ones produced by a
person’s shadow.

Artificial Intelligence (AI) techniques are also proposed. Tran and Davis
[Tran 2008] use Markov Logic Networks (MLNs) to infer events in a parking
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lot. This is a 2-layered approach, which can describe uncertainties of the human
activities. The drawback of the defined MLNs is the assumption that an identical
sub-activity occurs only once. Recently, Gupta et al. [Gupta 2009] present a
description-based approach for a probabilistic activity understanding. Unlike
other description-based approaches designed to recognize complex activities, their
approach aims at recognizing primitive-level actions more reliably by modeling
causality among the actions. A tree structured AND-OR graph is defined to
represent a storyline of a baseball game. Each action is manually labeled and
the system iteratively searches for the best match of AND-OR graph structures.
Other logic-based approaches include the Situation Graph Trees (SGT) originally
propose [Haag 2000] to represent explicitly the combination of temporal, and
semantic specializations of Fuzzy Metric Temporal Logic predicates. Also, Siskind
[Siskind 2011] proposed a hierarchical approach that is able to represent and
recognize high-level activities with more than three levels. They use the force
dynamics for the recognition of simple primitive-level actions, and define a method
named "event logic" to recognize high-level activities. The approach recognizes the
time interval of an activity by calculating the union and intersection of sub-activity
time intervals. The idea suggests that a recognized activity can be used as a
sub-activity descriptor of another activity, but this is exploited only once in
the approach. In our work we exploit this idea explicitly allowing the re-usage
of an recognized activity as a descriptive sub-activity of another one at a higher-level.

2.3.3.1 Hierarchical Comparison

Hierarchical approaches can recognize high-level activities which can be decom-
posed into simpler sub-activities. They can incorporate human knowledge into
the systems more easily due to its composite nature. In general, they require
less training data to successfully recognize activity. Statistical and syntactic
approaches provide a probabilistic framework for reliable recognition with noisy
inputs. However, they have difficulties representing and recognizing activities with
concurrent sub-activities.

In general the main drawback is their fully supervised top-down construction.
Even when it can recognize high-order activities, the user needs to define almost all
of the expected situations to recognize an activity, such a thing has the following
problems for loosely constraint activities.

• The user cannot model all possible variants of the same semantical activity.
The deterministic nature of this method makes of updating new instances of
a same activity a hard task.

• Due to the disjoint relationships between what the system sees (perceptual in-
formation) and what the user thinks that the system sees, the activity models
are in many cases not capable of being associated to perceptual data. There-
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fore the users need to tune the models considering the low level errors (e.g.
person blob shifts due to shadow). Such a task is avoided when the models
are learnt.

• The users can define rules only for high-order activities, but when the high
order activity is mostly defined by local motion ("eating is described by the
arm motion towards the person’s mouth") it becomes a hard task for the user
to describe such a thing.
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In this chapter we describe the blocks of low-level features that we build for
our system. The proposed low-level features are extracted directly from visual
information. Other low-level features could be added without affecting the proposed
framework. The type of features chosen to characterize video depends strictly on
the environment and the final application of the method.

For understanding long-term activities, the global position of an agent1 at each
time is crucial information. At each video frame the position is usually represented
by a 3D point2 which allows to understand the relative location of the agent with
respect to fixed objects and other agents. The representation of the global position
of an agent over time is a trajectory. Tracking agents during long periods of
time is a challenging task which is still open. The accurate calculation of agent
trajectories is an important task for the proposed framework. Trajectories are the
core information used in this work.

The tracking of an agent is usually composed of a vertical chain of successive
stages which have to face different challenges. The understanding of the scene
configurations (e.g. lighting) can make a tracking method fail or succeed. We
propose and use 3 different agent tracking methods depending on the scene
configurations and the final application of the system. We explain these methods

1An agent is the tagged element that we are interested to analyze, e.g. a human, a cluster of
coherent motion.

2For example, the coordinates of the center of mass of the object silhouette.
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(a) crowds+cluttered+occlusions (b) backlight (c) rain interferecne

Figure 3.1: Examples of classical vision problems for people detection.

in the next section named "Global Tracks".

The understanding of long activities can be treated as a divide and conquer
algorithm, where the understanding of small chunks (small sequences of images)
of video can explain videos of long duration. We brake a video into chunks. In
most of the literature approaches, the chunks have a fixed size and do not aim at
representing a semantical video property. We propose dynamic size video chunks,
where each chunk aims at describing a short action of an agent. Ideally, the video
chunks could be described semantically. We explain the details of extracting "Video
Chunks" in its correspondent section.

The global tracks of an agent are weak descriptors of the motion that can
characterize finer activities. For example, the movement of a human arm is not
described by its center of mass. We propose the extraction of a set of pixel-based
tracklets1. The methodology for extracting the local motion is explained in the
section "Pixel Tracklets".

Finally, we build a representation which describes formally a block of information
that we use in future chapters to construct our recognition system. Each block is a
set of global and local descriptive features representing a semantic action. A block
is named "Perceptual Feature Chunk" (PFC) and is detailed in its corresponding
section.

3.1 Global Tracks

The tracking of an agent using a non wearable sensor such as a fixed camera, carries
a set of vision related challenges. In most of the cases, an agent is classified frame
by frame and spatio-temporal links of the re-identified agents are established. The
vision related problems vary according to the scene. Most of the problems occur in
the frame-to-frame tracking of the detected agent. In most of the cases the detection

1A tracklet is a filtered, strong, pixel-based trajectory of short duration.
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challenges are related to occlusions (complete or partial), illumination changes and
cluttered environments (see fig. 3.1 -a, b-). Further, many approaches detect agents
using the difference of pixels in time (foreground and background), build clusters
of connected pixels and group the clusters into objects. These last methods have
temporal problems such as background integration (i.e. an object becomes part
of the background due to the lack of motion) and foreground miss-detections (e.g.
objects that are moved such as a chair are detected and tracked for long time).

Designing a detection and tracking system requires a priori knowledge of the
scene configuration. For example, in outdoor scenes weather conditions (see fig.
3.1 b) need to be considered. In indoor scenes the illumination plays an important
role. It is almost sure that for long-term (hours or days) recordings the illumination
is going to change radically. Not only the type of methods will define the quality
of the tracking system, also the type of sensors and their disposition in the scene.
The designer of the system needs to consider configurations that can improve the
accuracy of the system. For example, it could be interesting to know that a fixed
camera at a certain hight can help to prevent occlusion problems, or that strong
backlight conditions interfere with the perception of color (see fig. 3.1 c). In
the following subsections we explore different tracking systems for different scene
configurations.

We use 3 different tracking systems depending on the configuration of the
scene and on the type of activities that we aim at understanding. We describe
first, a monocular camera segmentation-based system that we call "General track".
Second, we describe a depth map based, people and joints tacking system that we
call "Depth track". Third, we propose an ad-hoc method named "Simple tracker"
which is designed to track a single person in an indoor environment during long
periods of time. In each of the following subsections we describe the benefits and
drawbacks of each method.

3.1.1 General tracker

As the name indicates, the general tracker is a multi purpose tracking system.
The system is developed under the Scene Understanding Platform (SUP) at the
Spatio-Temporal Activity Recognition Systems1 research group. It is a foreground-
background segmentation-based system. The segmentation has been described by
Anh-Tuan et al. [Nghiem 2009]. The tracker [Zúñiga 2011] is probabilistic, and
can follow multiple objects at the same time. It contains an object classifier which
associates the blobs obtained from the segmentation procedure to a particular class.
The classifier transforms 2D moving blob to a 3D parallelepiped box of an object
(see fig. 3.2).

1http://team.inria.fr/stars/
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(a) correct (b) semi-shifted (c) shifted

Figure 3.2: Examples of the people detection and tracking in our home-care apart-
ment, under different light conditions. In (a) the artificial light smooths the person
shadow allowing a correct location of the person, in (b) and (c) natural light incom-
ing from the window produces detection shifts.

The benefits of a "classical" segmentation-based classification and tracking
method is its generality. It can be applied to many scenes using the right configu-
ration to track multiple objects. Nevertheless, the methods are strongly dependent
on the segmentation stage. In most of recent approaches the segmentation adapts
over time. In long indoor videos, the sudden changes of artificial light (e.g. turn on
and off) in combination with the natural light changes (e.g. clouds) and the object
shadows introduce unrecoverable failure situations for the tracker. In figure 3.2 we
illustrate outputs of the tracking system under different lighting conditions in the
same scene. Nevertheless, with the correct parametric configuration the tracking
system is able to perform accurately in most of the cases.

3.1.2 Depth tracker

Using Depth cameras it is possible to track multiple objects regardless the lighting
conditions. The depth camera we use, is composed of an active infrared laser pro-
jector (called emitter) combined with monochrome CMOS sensor (called receiver)
which captures video data in 3D. The sensor has an angular field of view of 57 de-
grees horizontally and 43 degrees vertically. The figure 3.3 illustrates examples of
the images acquired with the Depth sensor.

The human detector and tracker used in this work is proposed by Shotton et al.
[Shotton 2011]. The method has the capability of detecting and tracking also the
person joints (see fig. 3.4 a).

The benefits of using a Depth camera is the real 3D human localization, and
also the possibility of tracking in low lighting conditions. The people detector
algorithm is capable of tracking multiple persons partially occluded, and is robust
in long term videos. However, the sensor has difficulties to work in strong lighting



3.1. Global Tracks 47

(a) RGB (b) Infrared (c) Depth Map

Figure 3.3: Examples of Depth camera images. (a) is a RGB image, (b) is the
infrared camera acquisition, the dots are the laser rays which describes particular
patterns (shapes), (c) is the depth map colored by distance (depth) to the camera

(a) Person + Joints (b) Strong light interference

Figure 3.4: Examples of the [Shotton 2011] people detector. (a) A person and
16 joints are detected and tracked. (b) An error occurs when the strong natural
illumination interferes with the laser frequency producing a lost of information.

conditions due to interference with the frequency of the laser. (see fig. 3.4 b). The
people detector algorithm is hard to train and currently can only detect persons up
to 5 meters of distance.

3.1.3 Simple tracker, our ad-hoc single person tracker

We develop a global motion tracker for home-care applications. The tracker aims at
calculating the position of an agent considering the constraint: "a single agent or
non, is present in the scene at any time". We assume that the main motion in the
scene is produced by the agent most of the time. Therefore, we cluster pixel-based
frame-to-frame motion (F2F), to locate globally the main motion in the scene.
Unexpected situations can occur (e.g. sudden changes of illumination), they are
reflected as multiple spots of important motion in the scene. These situations tend
to have a short duration and are handled by the tracking system. Nevertheless,
they could be long enough to confuse the global position of the agent. Therefore,
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(a) GFT - corner points (b) Global F2F Position

Figure 3.5: Example of the global position of a person computed by the simple
tracker. In (a) the points represent the computed GFTs and a point color represents
its membership to one of the speed clusters. The speed clusters are represented by
their speed as: static (green), slow (yellow), medium (orange), fast (red). In (b) the
person position is computed by the average of the centroid of the slow, medium and
fast clusters.

we use a Kalman filter over a temporal window. The filter smooths the global
position of the agent helping to recover the system from failures produced by long
unexpected situations.

The global position of the agent is computed in two stages: 1) Global F2F
Position (GF2FP), 2) Global Smooth Position (GSP).

3.1.3.1 Global F2F Position (GF2FP)

The global position of an agent is computed by clustering coherent frame to frame
motion. Motion is computed by tracking particular corner points in subsequent im-
ages. Initially, we start by locating 5001 Good Features to Track (GFT) as described
in [Shi 1994]. Second, we track the GFTs over time using a pyramidal implementa-
tion of KLT tracking [Bouguet 2000]. Third, at each frame, we compute the speed
of each GFT by calculating the position translation with respect to the previous
frame. Fourth, at each frame, we compute 4 clusters of the points with respect to
their speed. The clusters aim at representing static, slow, medium and fast motion.
Finally, the GF2FP of an agent is the average of the centroids of the 3 fastest point
clusters (i.e. slow, medium and fast motion). In the figure 3.5 we illustrate these
calculations through the computed GFTs, clusters and Global Position (or GF2FP).

Other descriptors have been tried. Initially we deploy a grid of points over the
image (to cover the whole scene) as initial pixels to track. We apply the tracking
algorithm and several mistaken points appear mostly induced by the shadows of

1The parameter "500" is scene dependent
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(a) Initial grid of points (b) Pyramidal KLT errors

Figure 3.6: Example of points tracking [Bouguet 2000] where the initial points are
random pixels extracted from a grid of fixed size. In (a), the initial grid. In (b), the
tracked moved points appear in red color. The person’s shadow makes that some
points appear like moving but they do not correspond to the silhouette of the person
which can be considered as an error for our purposes.

the agents while moving. In figure 3.6 we show examples of the grid and the
tracking errors. Also, besides KLT, we have tried the SIFT and SURF strong pixel
descriptors, they perform similarly to KLT but with much slower computational
speed, while with KLT we process the video in real time.

We propose the frequently re-initialization of the tracking system (i.e.
features and tracking) to minimize errors in the GF2FP estimation. Principally two
types of error are avoided. First, in some situations, tracked points are confused
with the background. The confusions over long periods of time can harm the
consistency of the GF2FP. Second, the GFTs are mostly concentrated in region
with high variation of texture. Agents appearing in a low texture region are not
tagged by initialized GFTs. When the system is re-initialized and an agent is in the
low texture regions new GFTs are sticked to the borders of the person’s silhouette
improving the final GF2FP. The re-initialization is performed by setting a fixed
amount of frames, or by an external signal that measures some agent properties
(e.g. changes in the agent speed). The re-initialization calculates a new set of initial
GFTs and links the old agent’s global position with the new frame calculations.

Other ambiguous situation is when the high motion occurs far from an agent.
For example, a person (agent) reading in an armchair (low motion), and reflexions
in a window are perceived (high motion). In our experience, the erroneous sources of
high motion occur during short periods of time and are generally due to illumination
changes. Smoothing the GF2FP into GSP allows the filtering process of isolate
illumination noise. The smoothing is performed using a Kalman filter and it is
described as follows.
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3.1.3.2 Global Smooth Position (GSP)

The GF2FP of an agent is smoothed using a linear Kalman filter K1. At each
new frame f , the prediction of K1 is averaged with the new observed position of ,
obtaining a smoothed trajectory of positions {pf}:

pf =
1

2
(of +K1(pf−1))

In general, the Kalman filter is configured to hold a buffer of 10 position values
which is equivalent to 10 frames, and therefore in the case of tracking sharp changes
of direction are smoothed with a small tracking delay.

3.2 Braking a video into chunks

We brake the video into dynamic or static video chunks. A video chunk is a short
sequence of images (frames). A video can be braked into fixed-length chunks by
simply parametrizing the chunk length (i.e. number of frames). The problem
of using fixed length chunks for long term activities is the redundant stored
information. For example, the interesting activity of a person sleeping (e.g. rolling)
can be detected using long (2 seconds) video chunks as well as using a shorter
chunk length, nevertheless shorter length requires more storage which unnecessary
increases the computational time required by the recognition process.

We propose to adapt the chunks to interesting atomic events described by the
agent motion. In particular we propose to detect and use the positive and negative
acceleration of an agent to brake the video into chunks. In our experience, the
acceleration of the global position of an agent can provide insights its current
activity (or state). Therefore, the changes in acceleration can describe the start
and end of an action which are in most of the cases semantically explainable.

Regardless the method used to detect and track the global position of an agent,
we detect the changes of the acceleration by measuring the speed of the agent at all
frames. For each new frame f , we compute the observation speed osf as the difference
of the agent global position at frame f and the position in previous frame. To filter
errors, the speed sf is computed by applying a Kalman filter K2 to the observations
and by averaging the prediction K2 and the observed speed osf :

sf =
1

2
(osf +K2(sf−1))

Finally, we compare sf with a threshold θs. When sf gets higher or lower than
θs a video chunk starts or ends.

A remark, the start of a new video chunk triggers a re-initialization signal to
the GF2FP described in the previous section.
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(a) PT - filtering (b) PT - real data (c) PFC features

Figure 3.7: The figure illustrate the pixel tracklets and the global trajectory of the
PFCs using real data and illustrations.

3.3 Pixel Tracklets (PT)

For each video chunk we compute a set of tracklets which aim at describing the
motion of the agent mobile parts. The tracklet are pixel-based points which are
tracked during the whole length of the video chunk. In a similar way as for the
GF2FP we initialize in the first frame of a video chunk 500 good features to track.
Using a pyramidal implementation of KLT [Bouguet 2000] we track the points up
to the last chunk frame.

Filtering the tracklets: From the initial 500 tracklets only the ones related spa-
tially to the agent remain. The other tracklets generally correspond to environmen-
tal noise. The filtering of uninsteresting tracklets is performed by analyzing their
proximity to the Global Position of the agent at the first and last frames frames of a
video chunk. The proximity is set up manually as a filter distance or automatically
assigned using the eroded silhouette of the agent. In figure 3.7 (a) the graphical rep-
resentation of the filtering is illustrated, and in (b) the Pixel Tracklets are computed
for a real video chunk.

3.4 Perceptual Feature Chunks

We reduce the dimensionality of a video chunk data from pixel volumes to a set of
perceptual features. Each video chunk has its own set of features named Perceptual
Feature Chunk. The figure 3.7 (c) illustrates the perceptual features which are
described as follows:

1. IDChunk: Assigns an unique identification number to each chunk.

2. V ideoPFC : Links the chunk with a particular piece of a video datafile.

3. DeparturePFC , ArrivalPFC : Describes the spatial position of the person in
the begin and end of a video chunk. They are represented by a Gausian
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distribution of parameters (µ,σ) computed with the n first (or last) points of
the global trajectory described by a tracked agent.

4. StartFramePFC , EndFramePFC : Represents the number of the first and
last frame of the chunk with respect to the whole video.

5. PixelTrackletsPFC : Is a vector of pixel tracklets, and each tracklet is a vector
of spatial points representing the motion of the agent.

3.5 Summary

In this chapter we explain different methods to detect and track the global
position of an agent in different scenes. We propose a technique to describe the
agent local motion when object trackers fall short. The proposed techniques
which are designed to work on-line (real time). We propose to brake the
video into clips of fixed or dynamic lengths which avoid vision problems
(e.g. illumination) by feed-backward initializations of other systems (i.e. track-
ers). Finally, we propose a compact data representation (PFCs) which
stores only minimal but significant information. These PFCs are used in the fol-
lowing chapters as the main perceptual descriptors to understand long-term activity.
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In this chapter we discuss the importance of contextual information for activity
analysis. We define a method to learn contextual information. We define a represen-
tation that helps to extract semantics from the learnt contextual information and
we call this representation a Topology. We define operations between topologies
to normalize and update them. Finally, we propose a multi-resolution scene model
based on groups of topologies. The scene model constitutes the support to discover
activities automatically.

4.1 The importance of Contextual Information for ac-
tivity understanding

The methods that we refer below fall in the category of trajectory-based activity
recognition, and are capable of discovering activities automatically or at the most
with minimal supervision. This is the challenging category where the approach
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proposed in this thesis can be located as well.

In the current literature, most of the trajectory-based activity recognition meth-
ods do not use prior contextual information to characterize activities. Briefly, the
literature methods are composed of three stages: first, they cluster the trajecto-
ries to discover salient paths, routes or regions. Second, the interesting clusters are
classified semantically and some cluster’s features are used to learn activity models
(e.g. speed, orientation). Finally, a recognition procedure aims at matching new
information with the learnt models. The described methods are suitable to detect
unfrequent activities/occurrences (e.g. "a car goes in the wrong way") in structured
scenes (e.g. "traffic junction"). Nevertheless, what the methods are really doing is
clustering motion without analyzing the source or underlying meaning of the mo-
tion. This brute-force way of abstracting perceptual information (single-layer) leads
to different problems.

• These methods fail to model and recognize complex activities (multi-motion)
in unstructured scenes (e.g. "an apartment").

The methods strongly depend on the repetition of time-constrained motion
(trajectories). They assume that similar frequent motion (a cluster) is
characterizing uniquely an activity, and that the cluster can be explained
semantically. This is usually true in structured scenes, where the static
scene objects structure the mobility of the tracked agents. For example, a
road structures the possible paths that a car can take. The activities are
not complex (e.g. "car turn left") and some clusters can characterize the
activities correctly.

In the case of unstructured scenes the situation is different. Only few assump-
tions can be made on the motion of the tracked objects. For example, in an
apartment there are no general rules on how to go from one place to the other
nor the speed required. Even more, when the tracked objects produce high
mobility (e.g. "human") the activities can become complex. In this case, mul-
tiple different motions characterize a single activity. In most of the cases, for
unstructured scenes a motion cluster/path/route is to simple to model com-
plex activities composed of several concurrent movements and consequently
the recognition fails.

• In general, the methods present to the user a set of clusters of frequent or
coherent motion in the scene that is hard to understand and that cannot
provide semantical explanations (semantic gap problem).

One of the reasons of the above limitations is the lack of prior knowledge of the
scene. We believe that such information is very important to characterize activities.
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Recently some works have proposed the usage of prior contextual information
to characterize complex activities. The knowledge is based on spatial scene regions
that can be explained semantically. These works use the scene regions to compute
semantical events that characterize an instant of a video. The events are com-
puted from the relation of the observed perceptual features and the scene regions
(i.e. object near region A). Finally the events are used to characterize different
activities. The approaches use scene regions to compute events and activity models
in different ways. For example, Makris et al. [Makris 2005c] learn paths among
the regions; Veeraraghavan et al. [Veeraraghavan 2006b] use context free grammars
(CFG); Hamid et al. [Ham 2009a] use n-grams. Bremond et al. [Vu 2003] use Finite
State Automatons. In general, event-based methods can deal with the semantical
gap problem and are suitable for complex activity understanding. Nevertheless,
most of the state of the art methods have one of the following drawbacks.

1. The scene regions are manually defined. This produces that:

• It is time consuming and requires constant supervision over time. For
example, when an object is moved, a supervised re-definition of the scene
is required.

• The user subjectivity at the moment of defining the scene regions affects
the resolution of the activity that can be analyzed.

2. In most of the cases, the methods use a single resolution definition of the scene
interesting regions. The single resolution disables the possibility of multi-
resolution activity analysis (e.g. activity and sub-activities).

Addressing the above mentioned limitations, in this chapter we propose: 1) a
method to learn automatically a set of meaningful scene regions that we name a
Topology; 2) we propose methods to update topologies depending on the spatio-
temporal changes described by the tracked agents over time; 3) we propose a multi-
resolution representation of the scene capable of characterizing interesting regions
and sub-regions. The scene model is used later (Chapter 6) for multi-resolution
activity discovery purposes.

4.2 Topology: A single-resolution spatio-temporal con-
textual model

A topology is a single-resolution scene representation composed primarily of regions.
The representation aims at characterizing interesting scene regions that could be
explained semantically. For example, regions where a tracked object interacts with
fixed scene objects (see Fig. 4.1). Each region can characterize spatial and temporal
properties of the scene (i.e. "kitchen location", "kitchen usage"). A topology can
provide a single semantical abstraction of the scene regions but it does not provide
information about the sub-regions (multi-resolution).
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Figure 4.1: Example of the "Casa" scene. The blue dots are the location of inter-
esting scene objects and regions.

A topology is computed by learning the scene regions automatically. To learn
these regions we use perceptual features from a set of tracked objects used for
training. The main idea behind the learning procedure is to discover and characterize
strong spatial and temporal scene regions that are commonly used by most of the
training objects. Learning strong regions has two benefits:

1. It normalizes the scene space. This allows to abstract the perceptual features
into semantical explainable object motions, filtering out the acquisition noise
(e.g. a person walks from the kitchen to the armchair).

2. It allows the following assumption: When a region (e.g. "kitchen") is fre-
quently used to perform an activity (e.g. "preparing meal") it is highly prob-
able that a new object uses the same region to perform the same activity.

4.2.1 Topology representation

A topology (T ) is a generative model represented as a vector of scene regions (SR).

Tlevelk =< SR1, ..., SRk > (4.1)

where k is the number of scene regions. The number of regions is an important
parameter that describes the resolution (or semantical abstraction) in which a
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scene is characterized. For example, the lower levels define a coarse resolution of
the scene (e.g. "the kitchen area") while in higher levels the scene resolution is
refined (e.g. "the sink area", "the oven area").

Each SR characterizes a spatial partition of the scene and is represented as a
Gaussian distribution: SRi ∼ (µi, σi). The computation of the parameters µi and
σi is defined in (4.2.4).

4.2.2 Topology training input

We propose the usage of a set of PFCs sequences to compute a topology. Each
sequence is a training dataset performed by an unique tracked object (e.g. "person
A", "person B", etc.).

The type of training datasets used is defined by the final application. For
example, datasets of a same person can be used to analyze the temporal evolution
of an activity, while datasets of different persons can be used to analyze the
divergence of performing the same activity.

There is no restriction in the temporal occurrence of a training dataset. For
example, N objects can be tracked at the same time, producing N training datasets
(e.g. tracking left and right hands of a person), this information can be used to
understand shared spatio-temporal locations in the scene (object interactions).

Formally, the Input set of PFC sequences is defined as:

Input = {Seq1, ..., Seqn}

where Seqi =< PFCi1, ..., PFC
i
k > and i is the label of a tracked object.

4.2.3 Topology Learning, computing the scene regions

We propose to learn the scene regions by a procedure composed of two clustering
stages. The two stages are designed to minimize the contribution of individual
agent outliers in a global (i.e. for all tracked agents) topology characterization.

1. The first stage aims at discovering the interesting regions for each tracked
agent individually. The procedure operates with the set Input of PFC
sequences defined in 4.2.2. For each sequence (Seq) a clustering procedure is
performed over a particular set of points: PointsSeq.

The set PointsSeq is a dense set of points characterizing the location of the
changes of the agent motion. These points can describe the regions where an
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interesting activity occurs (i.e. interaction with the scene). We build the set
PointsSeq using the µ parameter of the PFCDeparture and PFCArrival of all
PFCs contained in a sequence Seq.

PointsSeq = {PFCDeparture(µ)} ∪ {PFCArrival(µ)} ∀ PFC ∈ Seq (4.2)

For each Seqi ∈ Input the clustering produces a set of k clusters (Cl).

Cluster(PointsSeqi) = {Cl1, ....Clk} (4.3)

Each of the above clusters can characterize the scene regions described by the
motion of the tracked agent i.

2. The second stage merges the individual scene regions into a single set of
regions. Each region is a new cluster of points (CL). The CLs aims at
describing the spatial regions shared by most of the training objects. The
input to this stage are the centroids of the clusters Cl computed in (4.3). The
usage of only the cluster centroids helps filtering out tracking noise (i.e. the
trajectory of an object is noisy when the object does not move) and outliers
(e.g. an object remains still most of the time in a single region).

Cluster(
n⋃
i=1

Centroids(Cluster(PointsSeqi))) = {CL1...CLk} (4.4)

For clustering we use the K-means algorithm. K-means algorithm assumes the
isotropic distribution of data. The visual analysis of the input, reveals that the
points surrounding an interesting region are isotropically distributed. Another
property of K-means is its sensibility to outlier data, this is important to charac-
terize regions that are not frequently visited.

In both stages the same number of clusters k is set manually. This produces
a topology of levelk. In section (4.4) we propose an automatic topology updating
procedure. The procedure can increment or decrement automatically the number
of scene regions of a topology (i.e. change the resolution). Such a procedure can
be directly applied to the second stage described above to detect automatically the
number of clusters k.

In general, we prefer to control manually the number of clusters to be produced
when learning for the first-time a topology. We have experimented with the
automatic detection of the topology resolution. In our experience the automatic
resolution detection prevent the user to keep the reference of the semantical
interpretation of a scene region.
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4.2.4 Computing the scene region parameters

The parameters µ and σ of a SRi are obtained from the clustering information.
Each cluster CL of eq. (4.4) is characterizing a scene region. The kth cluster (CLk)
is characterizing the kth scene region (SRk). For a scene region SRk the parameters
µ and σ are computed as follows.

The mean (µ) is the spatial coordinates of the center of CLk

SRk(µ) = Centroid(CLk)

where, µ ∈ R2 or R3.

The standard deviation (σ) is computed from the set {x1...xn} ∈ PointsSeq (see
eq. 4.2). Where each point is associated to the cluster CLk by transitivity over the
two clustering stages. The set of valid points xi, assert the following statement.

{x1...xn} ∈ Cli ∧ Centroid(Cli) ∈ CLk (4.5)

then
SRk(σ) = Std(x1, ..., xn) (4.6)

where Std is the standard deviation of the Euclidean distance of the points xi w.r.t
the cluster center.

The usage of {x1...xn} allows a real description of the variation of the motion in
a region even when the amount of agents used for training 1.

4.2.5 Clustering with K-Means

K-Means was first used by MacQueen [MacQueen 1966]. It is an unsupervised
learning algorithm that solves the well known clustering problem.

The procedure follows a simple way to classify a given data set through a
certain number of clusters (assume k clusters) fixed a priori. The first step is
to define k centroids, one for each cluster. The next step is to associate each
point of the input dataset to the nearest centroid. When no point is pending,
the first stage is completed and an early grouping is done. The next stage is to
calculate k new centroids as the barycentres of the clusters resulting from the
previous stage. After we have these k new centroids, a new binding is performed
between the input data points and the nearest new centroid. A loop is gener-
ated. The loop iteratively produces a change of the location of the centroids. The
loop converges to the final clusters when the k centroids do not change their position.

Briefly, the algorithm is composed of the following steps.
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1. Select k data points in the input data point space. We select k points from
the Perceptual Input set. These points represent initial group centroids.

2. Assign each input datapoint to the closest centroid, building k groups. Each
group represents an intermediate scene region (SR.spatial).

3. Recalculate the positions of the k centroids for each group after step 2

4. Repeat the steps 2 and 3 until the centroids are no longer moving. This
produces a separation of the objects into groups. Each group is a final SR.

Formally, given the set of of observation x1...xn, k-means aims of partitioning
the n observations into k sets Cl (clusters). At each iteration, the algorithm aims
at minimizing an objective function, in this case a squared error function. The
objective function

arg mins

k∑
i=1

∑
xj∈Cli

‖xj − µi‖2 (4.7)

where µi is the mean of the points in Cl.

4.2.6 Distance issues

K-Means requires the selection of a distance measurement. The selection of the
distance measurement plays an important roll in clustering points. The distance
measurement describe the similarity between a data point and the cluster centroid
(i.e. ‖xj − µi‖ of eq. 4.7). We have tested different distance measurements:

1. Euclidean distance

2. City-block distance

3. Pearson correlation

4. Uncentered Pearson correlation

5. Spearman’s rank correlation

6. Kendall’s τ

The first two of the above distance measures are related to the Euclidean
distance, while the remaining four are related to the correlation coefficient.

An extensive description of the equations for each of the above distances and
experimental results, is provided in the section A.1.

From the experiments, the euclidean based distances show to be appropriated
to perform the spatial SRs characterization.
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4.3 Topology examples

Figure 4.2: Example of k-means clustering using city-block distance measurement;
a) the number of clusters is set to 5. b) the number of clusters is set to 10. Some of
the discovered regions are labeled with semantical concepts. In most of the cases,
the regions can be linked with the scene objects used by the agents (interactions).

Figure 4.2 displays an example of the SRs calculated in a hospital room
(HOSPITAL dataset). The SRs a are computed with PFC sequences of 4 different
persons performing activities during 40 minutes each. The examples display
different topology resolutions, at each level it is possible to explain semantically
most of the computed regions. For each calculated region the center µ is displayed
as a labeled dot. The label is the number of the region (i of SRi), this label
becomes important in posterior stages.

Figure 4.3 displays an example of the SRs calculated in an apartment scene
(GERHOME dataset). The used PFCs correspond to data of 3 different persons
performing activities for 4 hours each. The different topology levels are displayed
(levels 5 and 10), explaining some regions semantically. Also, examples of the type
of activities that can be observed in the regions are provided.

Figure 4.4 displays an example of a computed topology in an apartment scene
(CASA dataset). The used information is extracted from RGB-D (Red-Green-Blue
and Depth) image -real 3D-. The image shows the regions described by an individual
performing activities for 30 minutes. The PFCs used have a fixed length of 1 second
each.
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Figure 4.3: Example of k-means clustering using the euclidean distance. The scene
corresponds to an apartment. The clustering procedure is set to 5, 10 and 15 clusters.
The discovered regions are explained semantically and some activity examples are
displayed to show the type of activities occurring at each region.

4.4 Topology Updating

The updating of a topology consists in adding new SRs and removing old ones
automatically. New SRs are obtained of new training data. The topology updating
leads to scene models which are robust to changes over time.

The automatic updating of a topology is achieved as a consequence of an
alignment procedure. The alignment procedure is an operation between two
topologies (e.g. the "reference" and the "updater"). The alignment procedure
aims at identifying the matching and non matching SRs of the two topologies.
The updating procedure evaluates the matching and non-matching SRs from the
alignment to build an "updated" topology (see Fig. 4.5).

4.4.1 The alignment of topologies

The challenge of alignment consist in finding the matching scene regions between
two topologies. At a first sight, it is possible to assume that both topologies have the
same coordinate systems. Therefore, an algorithm based on the implicit-alignment
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Figure 4.4: 3D regions computed in the CASA dataset. Each computed region can
be semantically explained and examples of frequent activities at each region are
provided.

of the SRs1 could be used to find the matching SRs. Nevertheless, the assumption
is not always true. The location of a SR can change due the noisy data used to
learn them. In general two types of change are observed:

1. Translation: This is the linear shift of the SRs over the scene. It can occur
due several data acquisition reasons such as: illumination changes (i.e. shifts
produced by the agent shadow), modifying the object tracking algorithm, a
scene object changes it location.

2. Rotation: This is the radial displacement of the SRs. It generally occurs when
the camera is moved (e.g. cleaning the camera).

The figure 4.6 displays examples of the above mentioned problems observed in the
real data that we use for experimentation.

1Most point pattern matching problem belong to this class -Rigid transformation functions-
. Here the process of finding the SRs correspondences and finding the optimal alignment are
performed simultaneously.



64 Chapter 4. Contextual Information

Figure 4.5: Example of the topology updating process

Figure 4.6: Scene alignment problems. a) The blob of the person is shifted due
shadows produced by illumination changes, this produces a translation of the SRs
of the persons’ topology. b) The camera is slightly moved producing a rotation of
the persons’ topology.
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Another alignment problem is the resolution (level) of the topologies. It is in
our interest to be able to operate with topologies at different resolutions. This is,
to update a "reference" topology at leveln with an "updater" topology at levelm
where (n 6= m). The multi-resolution updating has the benefit of adding SRs of the
"updater" topology which have not been observed in the dataset used for learning
the "reference" topology.

To overcome the alignment and resolution problems the usage of an explicit-
alignment2 based algorithm is required. In particular the algorithm needs to be
robust to rotation and translation situations. We adapt a graph based algorithm
[Chikkerur 2005] capable of finding correspondences in graphs of different dimen-
sions. The algorithm was originally designed for fingerprints matching purposes. In
the following subsections we explain the main stages of the adapted algorithm. To
ease the reading, we consider a topology as a connected graph where each SR is a
node.

4.4.1.1 Alignment algorithm concepts

The local neighborhood of a SR is a finite set of other SRs that keeps some
relations with the reference SR. Therefore, the local neighborhood of an SR

m are the K nearest SRs of the same topology. The relations can be global or
local: global structures refers to the relations between all SRs belonging to a
topology; local structure refers to the relations between a reference SR and its local
neighborhood.

A representation called K-plet is used to characterize the local neighborhood of
a SR. A K-plet is invariant under translation and rotation. Also a directed graph
G(V,E) is defined to represent the SR local relations in a formal manner. The
local neighborhoods are matched using a dynamic programming based algorithm.
The consolidation of the local matches is done by Coupled Breadth First Search
algorithm which propagates the local matches simultaneously in both topologies.
This is very similar to the way a human expert matches image features where each
successive match is considered in the immediate neighborhood of previously matched
feature. An important advantage of this algorithm is that, no explicit alignment of
the SR sets is required at any stage of the matching process. Furthermore, the
algorithm provides a very generic but formal framework of consolidating the local
matches during the alignment. In the following section, we describe the following
three stages of the alignment algorithm.

• Representation

• Local Matching
2In this approach, the optimal correspondence is obtained after explicitly aligning one or more

corresponding SRs.
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• Consolidation

4.4.1.2 K-Plet Representation

We build a representation to capture the local structural information in the topolo-
gies called the K-plets. The K-plet representation is invariant under translation
and rotation since it defines its own local coordinate system. The K-plet consists
of a central scene region (SR) mi and K other scene regions m1,m2...mK chosen
from its local neighborhood. Each neighborhood SR is defined in terms of its local
radial coordinates (φij , rij) where rij represents the Euclidean distance between the
SRs mi and mj. φij is the relative orientation of mj w.r.t the central SR mi. A
K-plet example is displayed in the figure 4.7. The K-plet does not specify how the
K neighbors are chosen. In the next section we outline the technique to achieve this.

Figure 4.7: K-plet example with K=4

4.4.1.3 Graphical View

The local structural relationship of the K-plet is encoded formally in the form of
an adjacency graph G(V,E) (see fig. 4.8). Each SR is represented by a vertex v
and each neighboring SR is represented by a directed edge (u, v). Each vertex u is
colored with attributes (xu, yu, zu) that represents the coordinate of a neighboring
SR. Each directed edge (u,v) is labelled with the corresponding K-plet coordinates
(φuv, ruv).

For alignment, the graph needs to maintain a high connectivity of all SRs. This
can be achieved by selecting a particular set of neighbors at the K-plet building
stage. To choose the neighbors of a SR mi we divide the space in 4 sectors and we
select the nearest SR mj from each sector. The selection is performed iteratively,
at each iteration a sector is visited and a single neighbor is selected (see fig. 4.9).
The termination criteria is achieved when we obtain K neighbors. In the case that
no SR remains in the sector, the iteration is skipped.
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Figure 4.8: Illustration of the adjacency graph based on the K-plet representation.
Each SR is connected to its 4 nearest neighbors. The graphs are built for topologies
of different levels: 10 (a) and 9 (b). It is to be noted that the structure of the graphs
are different due to an extra unmatched SR in the topology (a)

Figure 4.9: Illustration of the selection of nearest neighbors for the K-plet construc-
tion. Iteratively each sector is visited (anti-clockwise) selecting the nearest SR (mj)
to the reference SR until K=4. The blue dots represent other SRs.
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4.4.1.4 Local Matching

The matching algorithm is based on matching a local neighborhood (K-plet) and
propagating this match to other K-plets in the neighborhood. The accuracy of the
algorithm therefore depends critically on how this local matching is performed.
It is particularly important to match all neighbors simultaneously since a greedy
approach of matching the closest or the best matching neighbor is sub-optimal.
We convert the unordered neighbors of each K-plet into an ordered sequence by
arranging them in the increasing order of the radial distance rij . The problem
now is reduced to matching two ordered sequences S =< s1, s2, ..., sM > and
T =< t1, t2, ..., tN >. Note that the sequences S and T need not necessarily be
of the same length. However, in our case it is usually the case since we choose
each K-plet to have a fixed number of neighbors. We use a dynamic programming
approach based on string alignment algorithm. Formally, the problem of string
alignment can be stated as follows: Given two strings or sequences S and T , the
problem is to determine two auxiliary strings S′ and T ′ such that

S′ is derived by inserting gaps (_) en S

T ′ is derived by inserting gaps (_) en T

where

|S′| = |T ′| and cost
∑|S′|

i=1 σ(s′i, t
′
i) is maximized.

For example, the alignment of the sequences S = {acbcdb}, T = {cadbd} is
defined as:

S′ = ac__bcdb
T ′ = _cadb_d_

A trivial solution would be to list all possible sequences S′ and T ′ and select
the pair with the least/most alignment cost. However, this would require exponen-
tial time. Instead we can solve this using dynamic programming in O(MN) time
as follows. We define D[i, j] = (i ∈ {0, 1, ...,M}, j ∈ {0, 1, ..., N}) as the cost of
aligning substrings S(1..i) and T(1..j). The cost of aligning S and T is therefore
given by D[M,N ]. Dynamic programming uses a recurrence relation between D[i,j]
and already computed values to reduce the run-time substantially. It is assumed of
course that D[k,l] is optimal and given that the previous sub-problems have been
optimally defined, we can match si and tj in three ways

• the elements s[i] and t[j] match with cost σ(s[i], t[j]).

• a gap is inserted in t (s[i] match with a gap) with cost σ(s[i],_).

• a gap is inserted in s (t[j] match with a gap) with cost σ(_, t[j]).
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D[i, j] = max


D[i− 1, j − 1] + σ(s[j], t[i])

D[i− 1, j] + σ(s[j],_)

D[i, j − 1] + σ(_, t[j])


The initial conditions are given as follows.

D[0, 0] = 0

D[0, j] = D[0, j − 1] + σ(_, t[j])
D[i, 0] = D[i− 1, 0] + σ(s[j],_)

While this process produces the cost of aligning the two sequences, determining
the subsequence takes additional steps of keeping track of previous choices in each
step of the process. After the D[M,N ] has been determined, the aligned sequence
can be generated in O(|S|) time.

4.4.1.5 Consolidation - Coupled Breadth First Search (CBFS)

The third stage and perhaps the most important aspect of the matching algorithm
corresponds to a formal approach for consolidating all the local matches between the
two topologies without requiring explicit alignment. An algorithm called Coupled
BFS algorithm (CBFS) is used for this purpose. CBFS is a modification of the
regular breadth first algorithm except for two special modifications.

• The graph traversal occurs in two directed graphs G and H corresponding to
the "reference" and "updater" topologies simultaneously.

• While the regular BFS algorithm visits each vertex v in the adjacency list of
neighbors, CBFS visits only the the vertices vG ∈ V and vH ∈ H such that
vG and vH are locally matched vertices.

An overview of CBFS is depicted as follows.

Inputs: Graphs G(V,E) and H(V,E) from the "reference" and "updater" topologies.
i: source node in graph G
j: source node in graph H

Outputs: Number of vertex that can be matched from the given sources.
1. Let G(V,E) and H(V,E) represent the graphs corresponding to the two topologies.
2. Let GC and HC represent a FIFO queue.
3. Let M represents a set of matched vertex pairs <g,h>.
4 Initialize

a. For each vertex g in G(V,E) and h in H(V,E)
i. color[g]= WHITE // unvisited node

ii. color[h]= WHITE
b.color[i]= GRAY
c.color[j]= GRAY
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d.M = M + <g[i],h[j]>
e.ENQUEUE(GC,g[i])
f.ENQUEUE(HC,h[j])

5. While (GC is not empty and HQ is not empty)
a. gu= DEQUEUE(GC)
b. hu= DEQUEUE(HC)
c. Find matching neighbors of gu and hu using dynamic programming
d. For each matching neighbors gv (of gu) and hv (of gv)
e. If (color[gv]== WHITE and color[hv] == WHITE)

i. M = M + <gv,hv>
ii. ENQUEUE(GC,gv)

iii. ENQUEUE(HQ,hv)
6.Return M (the size of M gives the matching count)

4.4.1.6 Global Matching

It is to be noted that the CBFS algorithm requires us to specify two vertices as the
source nodes from which to begin the traversal. Since the point correspondences are
not known a priori, we execute the CBFS algorithm for all possible correspondence
pairs (g[i], h[j]). We finally consider the initialization pair which returns the max-
imum number of matched nodes to compute a global matching score. The global
score is calculated using

s =
m2

MRMT
(4.8)

Here m represents the number of matched SRs and MR and MT represent
the total number of SRs in the "reference" and "updater" topologies respectively.
We consider that the best topology alignment returns the argmax(s) of all possible
initializations in eq. 4.8.

4.4.2 Updating algorithm

The updating procedure is a set of heuristic decisions to operate with two aligned
topologies. The operations can produce a new "updated" topology.

Assuming that the alignment is performed, the list (M) of matching pairs of
SRs can be obtained from the consolidation algorithm (see sec. 4.4.1.5). Also, two
lists of not matching SRs can be extracted. The first list (R) contains the not
matching SRs belonging to the "reference" topology. The second list (U) contains
the SRs of the "updater" topology.

The updating is performed in an incremental fashion (none SR is removed from
the "reference" to obtain the "updated" topology). The decision of only increasing
is due to observation of different datasets. We observe that rarely used regions are
characteristics of particular activities. The updating is performed by the following
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stages.

1. This step smooths small scene region variations.
For all pair (SRi, SR

′
j) ∈M ;

A) estimate the average SR;
B) append it to the "updated" topology.

2. Add R to the "updated" topology.

3. For each SR′q ∈ U ;
A) rename it SRn+i, where i ∈ 1...(U)length and n is argmaxiSRi ∈"updated";
B) append it to the "updated".
Keeping the reference SRs labels is possible to use old activity models (built
with the reference topology) in the "updated" topology

The updating procedure is dependent on the final application and the updating
frequency setup. It is easy to modify the updating procedure to satisfy particular
user requirements.

4.4.3 Statistical Analysis

In previous sections we describe the way a topology can explain spatially the scene.
But in fact a topology could explain temporal properties of the scene as well. This
type of explanation can be achieved by performing intra and inter statistical analysis
of the scene regions. The range of analysis is wide and depends on the user interest.
A description of "which regions are most frequently visited" and "the average time
elapsed of an object in a region" are some examples of the analysis that can be done.

In this work we cannot reproduce all scene analysis, but we consider important
the evaluation of an inter SRs property. The property could be described as "the
amount of usage of a region". We consider the situation when a region is occupied
for longer or shorter times is important since it can describe salient parts of a video.

Formally, a topology could be seen as a Mixture of Gaussians: < SR1, ...SRn >

where the "the amount of usage of a region" is represented by the mixture parameter
(π) of each SRk. The parameter π of SRk is computed as:

SRk.π =
Nk∑n
i=1Ni

(4.9)

where Nk is the amount of points in the set {x1, ..., xn} defined in eq. 4.5.

An example of the analysis that can be made using the mixture parameter is
displayed in the figure 4.10. The figure display two topologies (a) and (b), computed
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Figure 4.10: Topologies computed individually of person 1 and 2. Each person
performs activity during 4 hours in the GERHOME dataset. The tables display
values of spatial and temporal properties of the scene regions. A brief analysis is
performed for each person of the usage of the discovered regions.

for individual persons (1 and 2). Each person performs activities during 4 hours in
the GERHOME appartment. With the images (a) and (b) a table of values is
presented with three values. 1) Mixture is the π parameter described above; 2) Std
(dist) is the σ described in the equation (4.6) which represents the dispersion of the
data in a scene region. 3) Mean (dist) aims at representing the average radius of
the SRs. Below the tables, it is displayed a brief description of the analysis that
can be performed about the usage of each computed SR.

4.5 The Scene Model, a Multi-Resolution representation

A topology can describe spatial properties of a scene in a single resolution. The
problem is that the semantical explanations of the scene regions has different degrees
of abstraction (i.e. regions and sub-regions). We propose to represent scene model as
a vector of topologies of different resolutions. We propose to calculate 3 topologies
for building a model, these topologies aims at describing high, medium and low
semantical abstraction degrees. Generally, we use topologies with 5, 10, and 15 SRs
because they can represent most of the interesting regions for long term activities
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in the experimental indoor scenes.

SceneModel =< Topologylevel high, T opologylevel medium, T opologylevel low >

(4.10)

4.5.1 Selection of the most relevant abstraction level

We would like to describe how the learnt SRs are automatically ordered by
relevance in the different abstraction levels. The mechanism can be seen through
an example.

First, it is necessary to observe the SR1 of the images (a) and (b) of Fig. 4.10.
It can be noticed that while (a) describes the "armchair", (b) describes a region in
the apartment "corridor".

Second, concerning the topology of level 5 displayed in Fig. 4.11, the topology
is computed using more data. The "corridor" region disappears (red circle) while
the "armchair" region does not.

Third, it is interesting to observe that the "corridor" region not only reappears
in a topology of level 10 (see Fig. 4.11), but has also similar parametric values as
the one described in (b) of Fig. 4.10.

The above situation is observed in most of the cases, and supports the multi-
resolution scene model since it expresses that the regions are not lost, but shifted
from level to level accordingly to their relevance.
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Figure 4.11: Examples of topologies of level 5 and 10 of the GERHOME dataset.
The topologies are computed using data of 7 different people, performing activities
in an apartment during 4 hours each.
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In this chapter we address the problem of uncertainty due to the semantic gap
described in 1.1.1 by proposing an intermediate representation that can be used as
construction blocks for learning activity models.

5.1 Problem Definition

Most of the unsupervised literature approaches bridge the semantic gap in a single
step. This is achieved by building activity models directly from perceptual features
(feature-based models)1. Several of these approaches can recognize occurrences of
actions of interest in a video sequence but their models are rigid and difficult to
understand by humans. The main problems are described by the following items.

1In a similar way as Histogram of Oriented Gradients (HOGs) are learned for human detection
purposes, and HAAR for face detection.
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• The models are hard to update and modify manually.

• The models are uniquely designed to handle a specific type of training data.
When the input data slightly changes, new models have to be trained for the
same activity.

• The models are complex for the human interpretation, making hard to ex-
plain the system failures (i.e. the reasons of an activity miss-recognition).
Consequently, it is hard to measure the models’ reliability.

5.2 Primitive Events

Our view, is that the abstraction of perceptual features to conceptual information
does not occur in a single step, but is gradual. We address the semantic gap building
an intermediate representation. We propose such representation and we name it
Primitive Event (PE). The PE representation aims at satisfying the following:

• It acts as the link between the perceptual features and the semantical infor-
mation. This is, a representation that is meaningful for humans and is capable
of describing complex occurrences of an activity of interest in the video. The
system failures can be explained through the representation.

• It is composed of modular independent information units. It enables the con-
struction of flexible activity models and applications on top. The models are
capable of being updated/modified by parts when new primitive events are
learned.

• It aims at describing the first possible abstraction from perceptual features to
conceptual information (Primitive abstractions).

• It describes the interesting events during a period of time. The definition of
an event is discussed in [Lavee 2009].

5.3 Building a Primitive Event

A Primitive Event is built from a single Perceptual Feature Chunk (PFC) described
in chapter 3. This way, a PE represents an event in the video, that takes place in
a small period of time.

A PE is composed of attributes. The attributes are calculated by abstracting
the perceptual features of a PFC. Each attribute has a particular purpose and
is independent from the others. The attributes are calculated automatically by
dedicated abstraction procedures.

The abstraction procedures add semantical interpretation to the perceptual
features by using contextual information. The contextual information can be
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Figure 5.1: Example of the Primitive Event building sequence.

learned or added as human knowledge of the features.

The image 5.1 illustrates a diagram of the information flow for building a
Primitive Event. A PE can be composed by several attributes. We define
a set of attributes that is useful for general activity understanding purposes:
IDChunk; Duration; Type; LocalDynamics; Logic. In the following sections we
explain each of the attributes.

5.4 The Duration and IDChunk attributes

The DurationPE and the IDChunk are directly inferred from the PFC.

The duration is the amount of video seconds covered by the PFC:

DurationPE =
EndFramePFC − StartFramePFC

fps

where fps is the video frame rate2. The ChunkID attribute is an identification key
to link the PE with the video timeline.

IDChunkPE = (V ideoPFC , StartFramePFC , EndFramePFC)

5.5 The Type attribute

The Type attribute describes the global movement of an agent (or tracked object)
over the scene. The abstraction is achieved by the classification of perceptual fea-
tures into meaningful agent transitions over the scene. The transitions are obtained
by fusing the PFC global tracklets (perceptual feature) and a learned Topology

(contextual knowledge). The abstraction accomplishes the following:
2It denotes the amount of frames per second (fps) that a video is encoded.
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Figure 5.2: Example of the computation of a TypePE (1-2) assuming that the SR1

and SR2 are the closest regions to the DeparturePFC and ArrivalPFC mean values.

1. It filters noisy agent trajectories by normalizing them to a learnt global motion.

2. It adds a semantical interpretation by the classification of the motion into
human understandable transitions.

5.5.1 Type representation

The TypePE is represented as a couple and a direction operator (Start→ End).

TypePE = (Start→ End)

5.5.2 Type computation

Let a PFC and a topology T where SRi is the ith SceneRegion ∈ T , then Start
and End are the labels of the nearest SRi to Departure|ArrivalPFC respectively.
The nearest SR is computed by a distance measurement (5); which compares the
distributions of the SRs and the DeparturePFC |ArrivalPFC :

Start = arg mini(5(SRi, PFCDeparture))

End = arg mini(5(SRi, PFCArrival))

where SRi ∼ (µi, σi) and Departure|ArrivalPFC ∼ (µ′, σ′). The Euclidean dis-
tance is adopted as the default measurement. We have also compared Bhattacharya
and Correlation measurements in several experiments. Nevertheless, we did not
find significant differences among them.

5.5.3 Type Example

The figure 5.3 displays an example of two TypePE computed in an apartment scene.
In (a) the initial position of the person and 3 Scene Regions of a learnt topology are
displayed. In (b) a TypePE is built, abstracting the translation of the person from
the table to the bottom of the kitchen. In (c) the person moves towards a different
part of the kitchen to interact with an object.
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Figure 5.3: Examples of two TypePE computed from consecutive PFCs. In (a) are
displayed the initial position of the person and 3 learnt SRs of a Topology. In (b)
and in (c) the computed TypePE are displayed.

5.5.4 Type Ambiguity

An ambiguity occurs when a PFCDeparture or PFCArrival is significantly close to
more than one SR. We use the SR mixture proportions to compute the Start and
End labels. To address to the problem we propose two strategies as follows:

1. Push to strongest: Considers that the best association is the SR with higher
density of points.

Start|End = arg maxi(5(SRi, Departure|ArrivalPFC) ∗ π(SRi))

where π is the number of elements associated to the SR.

2. Push to weakest: Is analogous.

5.5.5 Type Quantity

The number of different TypePE is fixed. It can be deduced from the number of
possible transitions between the SRs of an input topology T =< SR1...SRi >.

# Type = (arg maxi(SRi))
2

The image 5.4 displays an example of the possible TypePE using a Topology of 3
scene regions (i.e. level 3).

5.5.6 Discussion

At this point, it is interesting to compare the benefits and drawbacks of the
representation of the agent global trajectory in a PFC and of the topology
representation. The comparison allows to understand conceptually the benefits of
combining both type of information to build a TypePE .



80 Chapter 5. Primitive Events

Figure 5.4: Example of the number of unique TypePE using a Topology of level 3
to build the primitive events.

• One benefit of the vector representation of the trajectories of a PFC is its
generality and compact representation of a snapshot of the event of interest
in the video sequence. The drawback of this representation: it does not allow
for straightforward semantic interpretation. In other words, the abstraction
of the video input is meaningless for a human without being processed first
by an appropriate model.

• The Topology representation has the benefit of describing the semantical in-
formation learned in an unsupervised manner (i.e. regions of interaction with
scene objects). The drawback: the semantical information is a macro model
of the context, which by itself does not allow the interpretation of interesting
events a video snapshot.

From the above observation it can be deduced that the object-based (agent) global
trajectories and a topology contain complementary information. The perceptual
information characterizes the events in a video snapshot (low-level information) and
a Topology characterizes semantic descriptions (high-level information). The fusion
of the two information into a TypePE can describe the global motion of the object
in a semantical way (i.e. the person moves from A to B).

5.6 The Local Dynamics Attribute

In section 5.5 we define the TypePE as an attribute that describes the global motion
of an object (or agent) over the scene (e.g. "person stays in the armchair"). The
limitation of the TypePE is that due to its global nature in some cases is too coarse
to describe finer activities (i.e. "person reading in the armchair"). To work around
such limitation we propose to enrich a PE with finer information by adding the
object local dynamics. The local dynamics is the motion described by an object
parts. For example, when the object is a person, the hands, arm, torso, etc. are
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the object parts.

The LocalDynamicsPE attribute aims at describing the principal dynamics of
the parts of an object (sub-objects) in a PFC. We represent these dynamics with
point tracklets.

Computing the tracklets of the motion of the parts is not straight forward.
The problem relies in the limitation of the current state-of-the-art methods to
automatically classify and track sub-objects (i.e. long training; scene depen-
dence; changes of appearance; shape morphisms). To bypass such limitations,
we propose to avoid the object parts detection and to work directly at the pixel level.

With the current methods it is possible to compute accurate pixel-based
tracklets during short periods of time. The tracklets obtained from the moving
pixels of an object can be abstracted revealing the underlying object part dynamics.

In particular the PixelTrackletsPFC is a dense set of pixel-based tracklets
describing the moving pixels of the object parts. We propose to cluster the
PixelTrackletsPFC to compute the main local dynamics.

The figure 5.5 illustrates five examples of real PixelTrackletsPFC (pink)
and of the computed LocalDynamicsPE (green). It can be noticed that the
LocalDynamicsPE can characterize different local motions while the agent global
motion (i.e. position) is the same.

5.6.1 Local Dynamics representation

The PELocal Dynamics is represented as a bag of pixel tracklets:

LocalDynamicsPE = {Dyn1, ..., Dynn}

where Dyni is a vector of points

Dyni =< p1, ..., pk >

where k = StartFramePFC − EndFramePFC . Dyni has the same length as its
associated PFC.

5.6.2 Local Dynamics Abstraction

The abstraction of PixelTrackletsPFC into LocalDynamicsPE is achieved by
clustering.
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Figure 5.5: Example of the abstraction of PixelTrackletsPFC (pink) into
LocalDynamicsPE (green). Each, LocalDynamicsPE is displayed as a strait line
corresponding to the start and end points of an abstracted tracklet (blue line).

5.6.2.1 Feature Space

Independently from the adopted clustering technique, the selection of a feature
space structures the meaning of the resulting clusters. In general, the usage of a
multi-feature space produces clusters that are difficult to understand by humans.
The multi-feature approaches [Faisal I Bashir 2007, Li 2006b, Pusiol 2008] has to
deal with complex normalization, optimization, and convergence problems. The
usage of multiple features is a convenient technique when the goal is to find outlier
clusters (e.g. unfrequent trajectories). In our case, the goal is the contrary. We aim
at finding a set of dense clusters and filter outlier clusters generally produced by
noisy data (e.g. points confused with the background). We use an one dimensional
feature space defined by the set of coordinates of the PixelTrackletsPFC ’ data
points.

5.6.2.2 Clustering

To cluster the PixelTrackletsPFC we adapt the Mean Shift clustering algorithm.

Mean Shift represents a general non-parametric mode-seeking/clustering proce-
dure. Mean Shift was first proposed by Fukunaga & Hosteler [Fukunaga 1975] and
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extended by Comaniciu, Meer and Ramesh [Comaniciu 2002] to low-level vision
problems. It is used by Anjum and Cavallaro [Anjum 2008] to cluster multi-feature
object-based trajectories. We implement the approach proposed by Subbarao and
Meer [Subbarao 2009] which extends the conventional Mean Shift to data points
lying on Riemannian manifolds. The approach can handle multiple non-vector
feature spaces; nevertheless we use the euclidean geometry (base case) to model
our vectorial feature space.

The idea behind Mean Shift is to treat the points in a d-dimensional feature
space as an empirical probability density function (pdf). The dense regions in
the feature space correspond to the modes (local maxima) of the underlying
distribution. For some data points in the feature space, a gradient ascendent
procedure is performed iteratively. At each iteration the procedure shifts a kernel
window until convergence. The iterative procedure converges when the stationary
points are found. The stationary points are the modes or hilltops on the vir-
tual terrain defined by the kernels. For a proof of convergence, see [Comaniciu 2002].

Here we briefly describe the derivation of mean-shift as in [Comaniciu 2002]
adapted to the tracklets notation. Let a tracklet xi, xi ∈ Rd ∗ tracklet length, d =

point dimension, i = 1, ..., n be n independent, identically distributed tracklets
generated by an unknown distribution f . For a tracklet y the kernel density estimate

f̂(y) =
ck,h
n

n∑
i=1

k

(
‖y− xi‖2

h2

)
(5.1)

based on a profile function k satisfying k(z) ≥ 0 for z ≥ 0, is a nonparametric
estimator of the density f(y) at y. The value h (termed the bandwith parameter)
defines the radius of the kernel. The constant ck,h is chosen to ensure that f̂k
integrates to one (normalization). Defining g(·) = −k′(·) and taking the gradient of
defined in the equation 5.1 we obtain:

mh(y) = C
5f̂k(y)

f̂g(y)
=

∑n
i=1 xi g(‖y− xi‖2/h2)∑n
i=1 g(‖y− xi‖2/h2)

(5.2)

where, C is a positive constant and mh(y) is the mean shift vector. The
mean shift vector is a shifted tracklet towards the direction of the maximum
increase of density. The expression (5.2) can show that the mean shift vector is
proportional to a normalized density gradient estimate at the tracklet y obtained
with kernel k.

The mean shift iterative procedure for a given tracklet yj is as follows.

1. Compute the mean shift vector: mh(yj)

2. Shift the density estimation window: yj+1 = mh(yj) + yj
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3. Iterate steps 1. and 2. until convergence (discovery of the stationary points).

The step (2.) is a gradient ascent technique converging to a stationary point of
the density. Similar points can be detected and removed, to obtain only the modes.

The figure (5.9) displays the computed LocalDynamicsPE (modes) using 2-
dimensional1 real data. The clustering is computed using all points of the
PFCTracklets. The LocalDynamicsPE of fig. (5.9) are describing the local mo-
tion of hands, body rotations, and balance.

Figure 5.6: Example of the abstraction of PixelTrackletsPFC to PCLocalDynamics

5.6.2.3 Bandwidth

As with most of the so called non − parametric approaches there are parameters
to be set. In the case of Mean Shift the value of the bandwidth (or kernel size) is
unspecified. The choice of the kernel size plays an important role in Mean Shift
clustering. Selecting small sizes will produce clusters with a single tracklet, while
with large sizes produce a cluster with all tracklets grouped together.

Some efforts have been reported to locally vary the bandwidth. Singh et al.
[Singh 2003] determine local bandwidths using Parzen windows to mimic local den-
sity. Wang et al. [Wang 2004] presents an anisotropic kernel in which the shape,
scale, and orientation of the kernels adapt to the local structure of images. It is
also possible to adapt the bandwidth locally for each datapoint of a trajectory with
the distance to its kth nearest neighbor (kNN). Most of these approaches improve
the quality of the clusters structure for general clustering purposes, but they are
not adapted to our particular interest. We are interested into producing a finer de-
scription of the local motion (more clusters) only when the amount of global motion
is low. In the other case the local motion can become noisy and the TypePE can
describe accurately the agent global motion. We adapt the kernel’s bandwidth in
function to the object’s global motion as follows.

1The x and y point coordinates.
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h = ‖PFCDeparture.µ− PFCArrival.µ‖ ∗ C (5.3)

where C is a factorization constant. C is set depending on the camera visual field
of view. Figure 5.7 displays an example of the clustering results using the defined
adaptive bandwidth.

Figure 5.7: Example of the clustering results with the defined adaptive bandwidth.
The green tracklets are the computed Mean Shift modes. In (a) the person walks to
the kitchen; the long motion is captured by a single cluster (i.e. long green tracklet).
In (b) the person moves laterally, bends and moves the hands; this complex motion
is captured by 5 clusters (i.e. short green tracklets).

5.6.2.4 Kernel selection

Other decision to be made is to choose the kernel shape. We have tried the
Gaussian and Epanechnikov kernels. Both kernels have interesting optimization
properties. Flashing and Tomasi [Fashing 2005] show that for the Epanechnikov
kernels, the mean shift vector lies along the gradient and is in fact a Newton step.
Recently, Carreira and Perpinan [Carreira-Perpinan 2007] show that for Gaussian
kernels, the mean shift step is the same as Expectation-Maximization.

In practice, we do not find significant differences by changing kernels. Using
both type of kernels the procedure works in real-time. We adopt as default the
Gaussian kernel.

5.6.2.5 Practical Clustering

The usage of complete tracklets for clustering, can capture the flow of the object local
motion. Nevertheless, when the flows are complex it is hard to accurately measure
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the tracklets inter-distance. We have proposed a compact structure [Pusiol 2008]
which can produce accurate clusters in noisy situations. In practice, we use the start
and end points of each tracklet for clustering. The resulting clusters can describe
interesting motion (see image 5.8), reduce the computational time (about 90%),
and filter out noise. The image 5.9 displays examples of the clustering approach
under noisy situations. In (a) several tracklet points are confused when the person
"stands up" the LocalDynamicsPE are correctly computed. In (b) we intentionally
add noisy data to the PixelTrackletsPFC , and algorithm still makes a good ap-
proximation of the expected local motion. In general the algorithm converges to the
main dynamics of the agent parts. In some cases (e.g. heavy scene light changes)
the algorithm can fail, but in practice the failures are temporarily short and do not
affect the whole system.

Figure 5.8: Example of the abstraction of PixelTrackletsPFC to
LocalDynamicsPE . The clustering is performed using the first and last points of
the PixelTrackletsPFC .

Figure 5.9: Example of the LocalDynamics computed under noisy conditions. (a)
real data, in PFC(n+1) some tracklets are confused (i.e. first and last points) with
the background. In (b) noise is added to the PFC(n+ 2). The algorithm converges
to the expected LocalDynamics in both cases.
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5.6.2.6 Discussion

There is a wide range of clustering techniques that can be used to group the
PixelTrackletsPFC . An interesting survey of clustering techniques can be found in
[JAIN 2011]. We can compare some properties of Mean-Shift with K-Means which
is a popular clustering algorithm. K-Means has the advantage of being simple, fast,
and efficient. One of the most important difference is that K-means makes different
broad assumptions.

• In K-means the number of clusters is already known. Mean Shift, being a non
parametric algorithm, does not assume anything about number of clusters.
The number of modes gives the number of clusters.

• In K-means the clusters are shaped spherically (or elliptically). Mean shift
is based on density estimation. Therefore it can handle arbitrarily shaped
clusters.

• K-means is very sensitive to initialization. A wrong initialization can delay
convergence or some times even result in wrong clusters. Mean Shift is robust
to initialization. In our case we run mean shift for each point from the feature
space. This produces the same modes when using the same input data.

• K-means is sensitive to outliers while Mean Shift is not.

5.7 The additional Logic attribute

The LogicPE holds a boolean value. The value is aims at describing some property
of a video snapshot (e.g. "is the person facing the camera").

An usage of the attribute, is as a PFC noise filter. Using a noise evaluator
of perceptual features is possible to enable or disable the PE (e.g. light change).
Disabled PEs are not used as building blocks of an activity model.

Other usage, is to describe the presence of an event of interest in a frame. For
example, image-based algorithms such as for face detection, can accurately find
faces in some video frames. Nevertheless, due to rotations they cannot hold the
face to build a trajectory over all frames. The LogicPE can describe that a face is
detected in the PFC. Such descriptor could be of particular importance to build
an activity model.

5.8 Primitive events sequence

For each new PFCs in the video dataset, we compute a PE using a learnt topology
T . The process produces a sequence of primitive events (PEseq). A primitive event
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sequence is represented by a couple.

PEseq = (< PE1, ..., PEn >, T )

At this point, it is important to analyze different primitive event sequences to ex-
plain the type of information obtained. The display of sequences of PELocal Dynamics
are used for refinement. The sequences can be complex to understand in long
datasets, nevertheless in some occasions they reveal interesting information about
the video activities.

We display an example of two sequences of PEs in figure 5.10. The sequences
are presented as a chart representing the TypePE , DurationPE , IDChunkPE

attributes.

The sequences are obtained from 2 videos of 8 hours of length in total. Each
video contains a person living in an apartment. The sequences of PEs are computed
using a shared topology which is learned by the trajectories of the two involved
persons. Using a shared topology it is possible to align the persons spatial location
over the scene. The used topology is composed of 8 Scene Regions (level 8) and it
is learned as it is described in the Chapter 4.

In figure 5.10, for each sequence, the PEs are ordered from left to right by their
time of appearance in the video. Each color represents a TypePE . The same color
represents the same TypePE . The graph vertical axis displays the PEChunkID as an
instance number. The crescent shape of the sequence over the vertical axis helps to
differentiate long sub-sequences of PEs of the same type -e.g. (a) (b)- and a single
PE of a long duration -e.g. (i)-.

Also in figure 5.10, it can be noticed that similar sub-sequences are describing
the same long term activity. For example:

• Long sub-sequences of PEs of the same type such as: (b) (d) (e) red color, are
describing the activity "Eating". For the persons A and D, the sub-sequences
of the same TypePE are describing the same semantical activity.

• Short sub-sequences of particular PEs -blue color- describe the activity
"Preparing meal", the same sub-sequences are find in both datasets. These
sub-sequences describe the transitions between regions in the kitchen.

• A long duration PE such as: (i) and (j) for person D is describing a low-motion
activity in a fixed place (e.g. "Sitting in the armchair").

• Long sub-sequences of PEs of the same type describe the activity "Sitting at
the front of the table" (a). It occurs only in the dataset of person A. As it
is expected, no sub-sequence of the same TypePE as (a) is found in the PEs
sequence of Person D, since he never performs the activity of (a).
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Figure 5.10: Example of two sequences of Primitive Events of two persons. Each
sequence represents 4 hours of video. The global trajectory is obtained by the center
of mass of the person. The PEs are the colored segments, where the same color
represents the same TypePE , and the segment width is the temporal length of the
PE. From left to right the primitive events are ordered by time of appearance in
the video. From bottom to top it is displayed the instance number of the PEs as
they appear in the sequence. It can be noticed that similar colored sub-sequences
of PEs represent similar activities in both videos.
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A sequence of PEs is very informative about the underlying structures of
the long-term activities appearing in the video. The structures are contained in
sub-sequences of PEs. The sub-sequences describe particular patterns. These
patterns can be recognized automatically. The recognition of such patterns lead to
the automatic discovery of long term activities. The discovery of activities is the
issue discussed in the next chapter.



Chapter 6

Activities: Discovery, Modeling
and Recognition

As humans we interact by communication. The communication takes place at
different abstraction layers. The layers can be seen as snapshots of reality at
particular resolutions. For example, a good broadcaster is someone who can adapt
his speech to the "conceptual world" of his audience. A clear communication
between several people occurs when the involved peers are interacting at similar
resolutions. Humans are constantly tuning their resolution to common spaces to
achieve effective communications1.

The notion of resolution can also be found when we aim at describing activities
semantically. For a given activity we are always capable of naming a sub-activity.

We want activity recognition systems which can adapt to different resolutions
providing meaningful information on demand. To achieve such a goal, two items
need to be satisfied: 1) The activity models need to capture the notion of multi-
resolution layers which is an hierarchical structure of activities and sub-activities.
This way the models can characterize multiple activities at the same instance of
time. 2) The systems need to be able to navigate between the resolution layers to
retrieve relevant information to the user, in similar way as humans do when there
is a communication.

An inherent difficulty for the systems is to find automatically the period of time
in which an interesting activity occurs (i.e. start and end of an activity). We call
such a process: activity discovery.

Marking the start/end of an activity (discovery) is a hard task even for humans.
For example, we let 3 persons to freely mark and label activities in a video (15
minutes of regular activities of a person in an office). We find out that the same
label is found in less than 10% of the cases. And that the start/end of the matched
activities diverged of 26.6%. The problem is again the resolution. In most of
the cases, humans tend to pay attention to one resolution at a time. The switch
between resolutions depends on changes that become interesting. For example,
a person that is labeled as "sitting" suddenly moves an arm. The label becomes

1A professor addresses in different ways to preschool and university students.
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"moving arm" forgetting that the person is still "sitting".

The discovery procedure is performed at different resolution levels to find the
start/end of an activity. The method is based on grouping patterns of semantically
rich primitive events. The patterns representing activities and sub-activities are
packaged in activity models for later use at a recognition stage. The activity
recognition stage describes a procedure which aims at automatically detecting
modeled activities in unseen videos.

Putting all together, this chapter addresses three parts of this work. First,
we propose a method to automatically discover activities. Second, we propose
methods to build multi-resolution models that uniquely characterize an activity
by describing the relationships with its sub-activities. By labeling the models,
semantical interpretation of the data can be achieved. Third, we propose a
mechanism to recognize modeled activities in new videos.

6.1 Input: Primitive Event sequences

The sequences of primitive events are very descriptive about the activities occurring
in a video. In each input sequence, activities are described by spatio-temporal sub-
sequences of primitive events. Seeking and extracting meaningful sub-sequences is
the process of discovering activities. The sub-sequences are extracted when they
match to pre-defined patterns of primitive events. As input, we use three sequences
of primitive events for each video dataset. The sequences aim at characterizing fine,
intermediate and coarse semantical activities and each sequence is computed using
a scene model composed of dedicated topologies.

6.2 Approach: Activity Discovery

The discovery of activities is an automatic process. The process is performed for
different resolutions at the same time retrieving a coarse-to-fine qualitative resume
of the activities in the video timeline. The procedure has two principal goals:

1. Find and mark the start and end video frames of interesting activities.
This can be seen as splitting and grouping the sequences of primitive events
into sub-sequences that represent meaningful activities.

2. Perform a naive classification of the discovered activities to identify the
instances of the same activity in the timeline.

The two goals are achieved by seeking and classifying primitive event sub-sequences
that correspond to particular patterns (activity patterns).
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6.2.1 Seeking for activity patterns

We observe a tight relationship between an object’s transitions among the scene
regions and a semantic activity. Usually, the interesting transitions are the primitive
events which sequentially describe a closed loop between the regions. We refer to
a loop as a sub-sequence of PEs which involves a fixed number of scene regions.
For example, when a person is "Preparing Meal" several movements between the
kitchen "sink" and the "table" appear sequentially. Then, when the "sink" and
"table" are scene regions a loop involving these 2 regions can characterize the
activity "Preparing Meal".

We define as activities to the patterns which capture sub-sequences of primitive
events that can describe a semantic activity (i.e. "Eating"). The patterns aim
at capturing and characterizing the basic constructors of the transition loops.
Considering a topology and a primitive event sequence as a state diagram the basic
loop constructors correspond to either: 1) the staying in a current state "Stay" or
2) the change of state "Change". The benefits of using basic loop constructors as
the patterns used to discover activity is discussed later in this chapter.

Using a primitive event sequence as input, we seek for sub-sequences following
two patterns: Stay and Change. Each pattern is a loop constructor and describes
semantically an activity. Formally,

A Stay pattern describes an activity occurring within a single topology region
(e.g. “Sitting in the Armchair"). A Stay is composed of a sub-sequence of PEs of
the same type.

A Change pattern describes an activity occurring between two topology regions
(e.g. “from Bathroom to Table"). A Change is composed of a single PE.

Using regular expressions:

A StayA−A pattern is a maximal sub-sequence of the input PE sequence of
the type:

StayA−A = (A→ A)+ (6.1)

A ChangeA−B pattern is a single PE of the type:

ChangeA−B = (A→ B), A 6= B (6.2)

The process of activity discovery takes as input 3 sequences of primitive events
at different resolutions1. For each sequence the Stay and Change sub-sequences
are marked and extracted corresponding to the discovered activities.

1Each resolution can be seen as different interpretation of the same video chunks.
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A discovered activity: We define a discovered activity (DA) as an extracted
StayA−A or ChangeA−B primitive event sub-sequence. Formally:

DAP−Q ∈ {StayP−Q ∪ ChangeP−Q} (6.3)

The discovered activities can take place at different resolutions at the same
time. The resolution of each discovered activity is inherited from the resolution of
the input primitive event sequence from where it is extracted.

Each discovered activity is coarsely classified by 3 attributes: typeDA,
start frameDA and end frameDA. The type of a discovered activity is the sub-
index (e.g. A−B) attached to it (i.e. DAA−B):

(type ∼ A−B)⇔ (typeDA == DAA−B) (6.4)

The start frameDA and end frameDA are temporal marks (frames) obtained from
the first and last primitive event composing the sub-sequence of DA.

The discovered activities appear sequentially ordered and cover the whole
length of the input video. All primitive events at all resolutions are linked to some
discovered activity. It means that all activities of the video are discovered and
that all video frames are linked to a discovered activity (no empty spaces). With
respect to the video frames the start frame attribute of a discovered activity is
the immediate next frame of the end frame attribute of the previous discovered
activity in the timeline (see fig. 6.1).

The figure 6.1 illustrates the discovery procedure of 3 input PE sequences at
different resolution levels (i.e. Level : 5, 10, 15). Each discovered activity is colored
by its type (i.e. subindex (A-B)). The colored segments could be used as content
retrieval. The startframe and endframe of each discovered activity are represented
with red and blue arrows. It is interesting to see how hierarchical tree structures
can be automatically build, where each discovered activity is a "sub-activity"
of another discovered activity at a coarser resolution.
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Figure 6.1: Example of discovered activities -DAs- (colored segments) extracted
with the Change and Stay patterns at multiple resolutions. In red and blue arrows
are marked the startframeDA and endframeDA of each DA corresponding to their
occurrence in the video timeline.

The discovered activities (DA) are not the models of the activity, they are
breaking the video into meaningful parts where each part is a semantic activity. We
propose the modeling of a target activity as a hierarchical characterization of the
structure defined by its sub-activities. The activity modeling is a subject discussed
in the next chapter.

6.2.2 Behind the Stay and Change activity patterns

In our previous work [Guido 2010], we use complex patterns to discover activity
based on trajectory analysis. The patterns characterize the interactions between
several scene regions at once (i.e. complex loops1). We have evaluated different
types of patterns for activity discovery converging to the basics and previously
defined Stay and Change patterns.

The motivation of the basic Stay and Change patterns come across the obser-
vation of the activities and their relationships with the primitive event sequences.
Analyzing the structure of the activities (loosely constrained) we find that the
interesting sub-sequences are built of closed sequences of transitions of multiple
scene regions. The two structures that can generate loops are the previously
defined Stay and Change patterns. The basic patters can be composed to describe
complex interactions (or loops) between the scene regions.

Our statement is: The "Stay" and "Change" patterns are sufficient and neces-
sary to discover complex activities". Following, the benefits of using the defined

1We refer as complex loops to those which involve 2+ scene regions.
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patterns are shown by comparing them with other complex ones and summarizing
their differences:

1. The basic patterns are easy to understand by humans. Semantically
the classification of Stay and Change sub-sequences can be directly related with
the objects motion or non motion between regions. The classification of more
complex structures require the definition of different classes for the classification of
a single discovered activity.

2. The activity discovery is non parametric and deterministic. Patterns
that build loops of 2+ scene regions allow the competition of the self contained sub-
sequences. The competition makes hard to take a deterministic decision of which
sub-sequences represent an interesting activity (see figure 6.2). The problem could
be addressed by defining sub-sequences weighting rules. For example, long sub-
sequences involving two scene regions are more important that the sub-sequences
involving three regions. The definition of rules and parameters is avoided when
using the Stay and Change patterns.

Figure 6.2: Illustration of the activity recognition competition when complex loop
patterns are extracted.

3. The basic patterns can describe complex ones. A problem that can
be noticed is that the Stay and Change are too simple to characterize complex
interactions of multiple scene regions (e.g. loops between 3+ regions). Such
statement can be true for a single resolution PE sequence. Nevertheless, by
working at multiple resolutions, the basic patterns are grouped automatically
composing complex interactions. The grouping is automatically achieved by the
alignment of the 3 primitive event sequences in a timeline. A pattern at a coarse
resolution contains the complex interactions described at a finer resolution.

For example, the figure 6.3 illustrates the situation of the hierarchical construc-
tion of closed loops and the structure of scene regions. Where, a basic pattern
(Stay1−1) contains complex interactions between regions (2 and 3) at a finer
resolution.
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For a multiple resolution approach, the use of the defined patterns (i.e. Stay

and Change) is sufficient to describe multi-region interactions as other complex
patterns would do.

Figure 6.3: Example of "complex" relationships between scene regions (2 and 3) at
a finer resolution, described by a "simple" pattern Stay1−1 at a coarser resolution.
Therefore, a basic pattern can describe complex interactions.

(2) means that complex models (n-grams, histograms) need to be build charac-
terize and cluster the discovered activities. The problem of building such models is
the parametrization and the models complexity for human understanding (n-gram
of 10 different primitive event types).

4. The basic pattern instances are used to learn activity models.
All discovered activities are a sub-activity of an activity at a coarser resolution.
Therefore, any discovered activity characterizes an other activity. Such recursive
and hierarchical property allows the use of the discovered activities as the descrip-
tive features for characterizing the model of a coarser activity. The modeling of
an activity is an issue discussed later in this chapter. The model of an activity
is a multi-resolution characterization of the hierarchical structure defined by its
sub-activities. The model of an activity is learned using the discovered sub-activities
(features) of finer resolutions.

If the sub-activities were discovered through complex patterns allowing inter-
actions of more than 2 scene regions at the time, complex representations were
required, otherwise different sub-activities are clustered together (i.e. underfitting).

For example, let a primitive event be a letter "a" or "b", and a discovered
activity a word. Suppose that a pattern allows sub-sequences between 2 scene
regions, and the words "baaaab" and "abbbba" are extracted. Both words contain
the same letters, but they are not representing the same activity due to the different
frequency and ordinary of the letters. In such a case, an uni-gram (see A.2.3)
could better characterize the distribution of the frequency of the letters. Now,
suppose also that the order of the letters is important. In that case, an even more
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complex representation should be used, for example a n-gram. Therefore, while
more letters (primitive events) are allowed (pattern) in a word (discovered activity)
more complex is the representation required.

The discovered sub-activities are used as features for learning activity models.
We want features as compact and as descriptive as possible. They need to be
descriptive to discriminate similar models. They also need to be compact to be
friendly understandable capable of providing explanations in the case of a system
failure (e.g. an activity miss-recognition). The Stay and Change are compact words
composed of a single letter, the words are as equally descriptive as complex patterns
due to the use of a multi-resolution scheme as it is explained in the previous item 3.
Concluding, the proposed patterns represent a necessary and sufficient descriptor of
sub-activities that can be used as a support to build activity models.

6.2.3 Two main achievements

• First, a discovered activity -DA- defines a time segment marked by the
start frameDA and start frameDA attributes. Therefore, each activity
(token) has a temporal length (i.e. duration of Stay and Change) that
represents an activity. Other methods usually understand activity using a
sliding window over the video timeline to build a token over a set of letters
(PEs in our case). For example, the use of n − grams (e.g. [Ham 2009b])
requires the definition of n which is the length of a sliding token (window).
More recently, [Emonet 2011] uses non parametric bayesian networks with
words composed of sequences of letters of a fixed length. The methods require
the set up of several parameters in the discovery stage, and build overlapping
words of sequences of primitive events. The usage of a sliding window is
time consuming and requires its size parametrization. The main advantage
of our discovery process is to cluster letters into interesting words where the
length of a token is adapted to the perceptual information (i.e. a single token
captures that a person is sitting for 10 minutes). The discovery procedure
reduces the unnecessary storage of useless information, storing only the
information that has a semantic meaning.

• Second, each discovered activity is coarsely classified by its typeDA. The
classification occurs at multiple resolutions providing to the user a snapshot
of the video. Most of literature approaches (e.g. [Jouneau 2011]) propose a
single resolution data representation of the results of a supervised activity
recognition method. Our classification is obtained automatically and is used
as an interface that provides insights of the occurrences of the interesting
activities and sub-activities. In the next section (6.3), we provide results of
the activity discovery procedure which show the type of inferences that can
be made automatically using the coarse-classification.
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6.3 Activity discovery examples and HCI

The sequences of discovered activities are presented to the user in a multi-resolution
graphic. The discovered activities are colored by type. For example, all DAA−B
corresponding to a certain resolution level, have the same color. The color is
assigned using the type attribute of the discovered activities.

The figure 6.1 illustrates an example of the graphical representation of the
activity discovery method. Where the discovered activities are colored at different
resolutions describing sequences and sub-sequences of discovered activities.

The display of sequences of discovered activities is a first automatic classifica-
tion of the activities and sub-activities occurring in the video. The classification
provides insights for the rapid analysis in seconds of hours of video. Following, we
present results of the activity discovery procedure for different types of videos and
applications.

6.3.1 Homecare Gerhome

Figure 6.4 displays the discovery results for a person living in an apartment during 4
hours. The apartment scene is displayed in the figure 4.3. The video is categorized
as a home-care application.

The parameters: The video is recorded using a monocular camera from 10 am to
2 pm. The length of the perceptual feature chunks (PFCs) is adapted dynamically
(4 hours of video are reduced to 786 KB on disk). The global and local features are
computed using 2D information (segmentation, classification and tracking errors
occur and are taking care by the system). The primitive event sequences are built
using topologies of levels 4, 7 and 10.

Analysis: In the figure 6.4 we add semantic labels to 4 of the discovered activities.

• Globally, three of the four selected activities cover above 83% of the video
time. These activities are: "Preparing Meal", "Eating" and, "Sitting in the
armchair". The remaining activity "In the bathroom" occupies less than 7%
of the time. The remaining video time (non labeled) mostly corresponds to
short movements of the person between the scene regions.

• Analyzing the segments of "Sitting in the armchair". In the resolution of Level
4: all instances (a, b, c, n, p) have the same color (same PE sub-sequence). In
the Levels 6 and 11: sub-activities of b, c are found as color stripes (meaning



100 Chapter 6. Activities: Discovery, Modeling and Recognition

Figure 6.4: Example of the activity discovery results. All activities are automatically
colored. We extract, for illustration purposes, 4 activities which cover the 90% of
the video time. Snapshots of the activities and their occurrence in the video timeline
are marked with letters.

motion changes). The stripes are related to the person laying back and forward
while reading a magazine. In a, n, and p the person is mostly static.

• Analyzing the segments of "Preparing Meal" and "Eating". Between f and g
the person "sets the table"; he eats in h; he prepares another meal in j and,
eats again in k and m. Finding "Preparing Meal" after "Eating" is an example
of how unstructured the activities are, even from a behavioral point of view.

• The segments q, o, r, and d can be considered as unfrequent. The segments
correspond to the "In the bathroom" activity.

To evaluate the errors of the automatically discovered activity segments (i.e.
start frameDA and end frameDA marks), 2 persons annotated manually the se-
lected activities in the video1. We compute an error metric as the percentage of
non intersecting segments. First, we compare the error between the two manually
annotated ground truths to describe the human error: it correspond to the 5% of
the video duration. Second, we compare the proposed discovery procedure and the
average ground truth: the error of the discovery method and the average annotation
is 4%.

1Two ground truths of the same video are built describing the startframeDA and endframeDA
of each instance of the 4 targeted activities.
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6.3.2 Hospital

Figure 6.5 illustrates the discovery results of a person performing activities in a
hospital room during 1 hour. The hospital scene is displayed in the figure 4.2. The
video is categorized as an healthcare application.

Figure 6.5: Illustration of the activity discovery results of a Hospital scene dataset.
The colored stripes are the discovered activities in the video timeline, similar colors
are similar activities. Also it is displayed the snapshots of the processed video linked
to the discovered activities.

The parameters: The video is captured using a monocular camera. The
length of the perceptual feature chunks is adapted dynamically. The global and
local features are computed using 2D information (segmentation, classification
and tracking errors are present). The primitive event sequences are built using
topologies of levels 5, 10 and 15.

Analysis: It is interesting to analyze the colors and the spatial location where the
activities occur. For example, a and c occur at the "chair" area. The segments: b, i,
d, e, and g, are displacements over the scene. The segments: k and f are activities at
the table region. Finally, the segments: j and h represent activities at the computer
region.

6.3.3 Sleeping Monitor

The goal of this application is to discover and characterize "activities" of a person
while he/she sleeps. The results can be used by doctors to analyze disorders
that involve abnormal and unnatural movements in connection with sleep (e.g.
sleep terror, sleep walking, epileptic attacks, etc.). Also it is possible to analyze
the evolution of medical treatments or psychiatric conditions that produce sleep
disorders (e.g. mood disorders, panic, psychosis such as schizophrenia, etc.).

The contribution of vision in this field is limited. A challenge is to detect
humans under low-light conditions and with minimal motion. We propose the
use of RGB-D information to detect and track the 3D silhouette of a sleeping person.
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(a) The scene (b) Camera POV

(c) Person segmentation (RGB)

Figure 6.6: Example of the setup of the sleeping monitor scene.

Figure 6.6 illustrates the setup of the sleeping monitor scene. It is a real home
bedroom (a) with a bed (b). The segmentation of the sleeping person (c) is a RGB
image (it appears dark when the lights are off).

Figure 6.7 illustrates the discovery results of a person sleeping during 6 hours.

The parameters: The perceptual feature chunks have a fixed length of 1.2
seconds each. The full video is reduced to a file of 2.4 MB on disc. The PFCs
contain only global information. The information used is minimal. This is, the
position of the center of mass of the tracked person in 3D (depth camera). The
primitive event sequences are built using topologies of levels 4, 6 and 8.

Analysis: The semantic labeling of the discovered activities is ambiguous. Nev-
ertheless, it is interesting to analyze the posture and motion between the discovered
segments. In most of the cases, the usage of a single 3D point seems to be enough
to differentiate and characterize postures1. This posture is used to visually evaluate
the discovered activities.

1The center of mass (3D) changes with the posture changes. For example, extending an arm
makes that the center of mass slightly shifts its position towards the extended arm.
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• The interval segments a and g, are similar at "Level 4" and different at "Levels
4, 6".

• The interval segments b and h, are similar at all resolutions. Such a similarity
is coherent with the posture images.

• The interval segments c and f, are similar, the similarity is coherent with the
posture images, where the person is bending the legs.

• The interval segments j, appears as an unfrequent color. It is the only instance
where the person sleeps upside down.

• The interval segments d and c, show at "Level 6" the motion of the arms of
the individual towards his head without modifying the global body position.

We evaluate the discovered activities by marking the changes of the global
posture of the person. When the motions produce a change of the position of all
the body parts. We compare the marks with the automatically detected ones (e.g.
changes of color at "Level 4"). We are able to discover all posture changes. Even
more, we discovered 2 true changes that were missing in the ground truth. The
temporal errors between the matched changes are < 1 %. This indicates that the
difference between the manual (GT) and automatic marks is lower than 1 minute
in 6 hours of video.

In our future work we aim at exploring in deeper detail the sleeping monitoring
application. The presented results have been already evaluated by doctors asserting
the visualization of the sleeping cycles. Next steps include the comparison of the
proposed method with currently used techniques (i.e. accelerometers).

Figure 6.7: Illustration of the activity discovery method applied to the center of
mass (3D) of a tracked sleeping person.
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6.3.4 The Office

The office is a 12 minutes dataset where classical office activities occur. The
discovery results are illustrated in the figure 6.8.

The parameters: The perceptual feature chunks contain only global informa-
tion. The information used is the position of the center of mass of the tracked
person. The primitive event sequences are built using topologies of levels 5, 8 and 10.

We evaluate the procedure by comparison of the discovered segments and a
ground truth. The ground truth is built by two persons. The ground truth contains
the star frameDA and endframeDA marks of a set of target activities. We provide
a set of possible activity labels: "Standing" (a)(b)(d), "walking", "sitting at the
desk chair" (X), "sitting at table" (c), "laying back at the chair" (g), "laying
forward at the chair" (f). Comparing the ground truth and the discovered segments
the temporal difference (error) is 2% (0.24 minutes).

An interesting event takes place when the ground truth characterizes the
activities at the desktop chair. The manual annotations are not describing the
multi-resolution nature of the activities "sitting at the desk chair" (X) and "laying
back/forward at chair" (g)(f). The discovery method is capable of describing such
a situation and characterizing the sub-activities (g)(f) occurring when the person
"balances" in the chair.

Figure 6.8: Illustration of the activity discovery method applied to the center of
mass (3D) of a tracked person in an office scene.
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6.4 Activity Models

The model of an activity is its description using a formal language. The model
can be seen as a package of descriptors that can uniquely characterize a type of
activity. The descriptors are obtained by abstracting different activity features.
The set of possible features is large and may include temporal, spatial, local and
global characterizations of a scenario. The selection of the features depends mainly
on three aspects:

1. The application. For example, if the users interest is to analyze the variation
of the length of an activity performed by different people, the duration of the
activity needs to be represented in the model.

2. The feature discriminative strength. This is, the capability of a descriptor
to characterize uniquely an activity. For example, a feature indicating the
presence of a face can characterize an activity such as "the person is facing
the camera" in a better way than his center of mass.

3. The reliability of the features. While less erroneous data is characterized in
the features, then better is the model of the activity.

When the application is well defined, the selection of the features becomes a
trade-off between its discriminative strength and the amount of noise that they can
carry.

The descriptors we use for learning the model of an activity are its sub-activities
and the attributes of the sub-activities (e.g. LocalDynamics). The learning process
is achieved automatically using a set of discovered activities (DA) of several
finer resolutions. The set of DAs represents the sub-activities and it is computed
automatically.

The benefit of learning the activity models is to allow the management of noise.
In most of the cases, it can be assumed that the data noise is repeated under similar
environmental conditions (when the same activity is perceived). Using real data
(i.e. signal) the presence of noise is assumed, the noise is included as a part of the
model. The noise is hard to synthesize making that most of the manually specified
systems cannot understand nor handle the presence of noise. For example, the
presence of a window can produce a shadow which shifts the position of a tracked
person. Such a shift is hard to specify manually, nevertheless it can be learned.

Learning models allows the computation of the similarity between activities.
Measuring the similarity enables also: 1) the automatic recognition of an activity
in an unseen dataset; 2) the measurement of the variance of "the way" an activity
is perceived; 3) the detection of unfrequent activities. In this work we evaluate the
framework to recognize target activities. Nevertheless, the framework can detect
unfrequent activities by comparing the frequency of activity models which are built
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automatically.

The modeling of frequent activities leads to a generative model of the scenario.
The scenario model is a macroscopic description of the expected activities and
it can be used to achieve complex goals such as people profiling. The profiling
is achieved performing statistical comparisons among the perceived activities of
different persons. For example, persons that perform low motion activities for long
periods of time (e.g. watch TV) can be considered more sedentary than others.

The activity models proposed in this chapter, capture the hierarchical structure
of an activity and its sub-activities. The model of a target activity is learned
based on the correspondent discovered sub-activities. For each activity, the set of
sub-activities is defined by a neighborhood. The neighborhood defines a hierarchical
and multi-resolution relationship of activities and sub-activities.

6.4.1 Activity neighborhood

The neighborhood of an activity A at some resolution level (l) is the recursive
representation of the links between A and its sub-activities Bi at the next finer
resolution (l + 1)1. Formally, it is represented as a tree of multiple layers.

Aneighborhood = ((B1, B1neighborhood), .., (Bn,Bnneighborhood)) (6.5)

where, B1...Bn are the sub-activities of A at the immediate finer resolution.

In practice, we compute the neighborhood for all discovered activities DAs a
the coarser resolution.

Let A and B be DAs, and resolutioncoarse(A) < resolutionfiner(B)2. Then, B
is a sub-activity of A when the temporal interval of B intersects with the temporal
interval of A in the same video timeline. B is a sub-activity of A if the following
statement is true:

((start frameA ≤ start frameB) ∧ (end frameA ≥ start frameB))

‖((start frameA ≤ end frameB) ∧ (end frameA ≥ end frameB))

‖((start frameA ≤ start frameB) ∧ (end frameA ≥ end frameB))

‖((start frameA ≥ start frameB) ∧ (end frameA ≤ end frameB))

(6.6)

The statement 6.6 implies that the same B can be a sub-activity of more than a
single activity. The situation occurs when a sub-activity takes place at the border

1We use l + 1 to describe the next finer resolution to l, meaning that l + 1 is built using more
scene regions than l. For example, in figure 6.9 let l = Level5, then l + 1 = Level10.

2A finer resolution is equivalent to high resolution and conceptually represents less abstraction,
therefore it is capable of characterizing finer activities. An activity (B) at a finer (or high) resolution
is a sub-activity of other activity (A) at a coarse (or low) resolution.
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of two adjacent scene regions.

The figure 6.9 illustrates a simple schema of the construction of the neighbor-
hood of an activity A and its sub-activities at 2 finer resolutions.

Figure 6.9: Illustration of the neighborhood of A: Aneighborhood =

(B1, (C1, C2, C3, C4), B2, (C4, C5), B3, (C5, C6)).

The figure 6.9 illustrates a compact representation of a neighborhood. A more
complete representation of the same neighborhood is displayed in figure 6.10. The
different DAs are coarsely classified and labeled (colored). Also, each DA contains
attached its sub-sequence of primitive events.

Figure 6.10: Extension of the illustration of figure 6.9 into a complete representa-
tion of how the system understands the primitive events, discovered activities and
activity neighborhoods.

6.4.2 Human Interaction

The combination of an activity neighborhood and the sub-sequence of primitive
events contained in each discovered activity is an automatic retrieval from the
system to the user. The retrieval process provides to the user the insights of the
activities occurring in the video. The figure 6.10 illustrates the retrieval of infor-
mation. In practice, the user analyses visually the percentage of each sub-activity
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contributing to an activity. Such analysis is in many cases enough to identify
the instances of an interesting activity in the video. Also, a semantical analysis
referring to the objects motion (high, low, repetitive, etc.) can be performed. At
this point, the real label of the activity (e.g. "preparing meal") is lacking. The
label is necessary to claim real semantical interpretation of the video data. The
activity label can be set manually and this is the only human interaction of this work.

The activity labeling is a supervised interaction step and it is optional. Labeling
an activity enables that with minimal human effort the system becomes capable of
retrieving natural language semantics.

The process of labeling is illustrated in the figure 6.11. 1) The sequences of
discovered activities are presented to the user. 2) The user analyzes the percentages
of sub-activities or observe the real video to set a label for each interesting
discovered activity. The semantic label is considered by the system as a target
activity. Then, several DAs with the same label representing the same target
activity.

The labeling can be performed at any resolution level and can be propagated
though out. Nevertheless, for simplicity in this work we label only activities at the
coarser resolution.

The figure 6.11 illustrates an example of the labeling procedure where the
DA4−4 is labeled as "Preparing Meal" and a model is learnt using its neighborhood.

The model of a target activity (labeled) is automatically learnt. In the case that
two discovered activities are labeled with the same semantical meaning, the user
has to decide to learn independent models or to use both as training prototypes
to learn a single activity model. The figure 6.12 illustrates an schema of the
modeling procedure where 3 training prototypes of the same target activity (i.e.
"PreparingMeal") can be used to learn a reinforced activity model1.

In practice, the human intervention is minimal and adds important semantical
capabilities to the system. The labeling is a procedure where the framework guides
to the user by suggesting to him/her with a set of interesting activities (DAs)
which can be detected. Therefore, the labeling takes only few seconds allowing the
description of scenarios with minimal human effort.

6.4.3 The Modeling Procedures

We aim at defining general models capable of characterizing a wide range of
activities. The models are learnt with 2D or 3D global and local information. The

1If several training prototypes are used to learn an activity model, the model is called a rein-
forced model.
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Figure 6.11: Illustration of the process of labeling. It is the only weakly supervised
part of this work and it is optional. The user chooses a discovered activity which
is displayed graphically. The selection trigers a pop up video which the user can
interpret semantically. The semantical interpretation is a label which is attached to
the selected discovered activity.

models need to be formal structures flexible enough to be modified with minimal
effort.

The image 6.12 illustrates the general schema for learning the model of an
activity. The training data used for learning a model are few (or one) training
prototypes (reference instances) and theirs correspondent neighborhoods of a target
activity (e.g. "Preparing Meal"). The prototypes share the same label, therefore
ideally they have the same semantic meaning which is chosen by the user. We
represent the model as an empty box which contains the description of a target
activity once it is learned.

In this work, we use single model to denote models learnt using one training
prototype, and reinforced model when it is learnt using several prototypes.

The model of an activity can be defined in several ways and many ideas can
be borrowed from the natural language modeling paradigm. In A.2 we present the
analogies of the language and activity modeling paradigms. Also, Manning and
Schutze [Manning 2005] propose an interesting description of to the foundations of
statistical natural language processing.

One type of models that can be borrowed from the language processing and
used for activity modeling is based on the frequency of appearance, ordering, and
relevance of the sub-activities. These models are known as frequency models.
A description of classical frequency models is presented in A.2.2. Such as: Tf-Idf
(A.2.2.1); a metric of word relevance (A.2.2.2); Successor-Predecessor (A.2.2.3);
Succesor-Predecessor Quotient (A.2.2.4); n-grams (A.2.3). The previously enumer-
ated methods cannot handle multi-resolution structures (activity neighborhood)
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Figure 6.12: General schema of the process of learning of an activity model. Few
training prototypes are used to learn a model. The prototypes share the same label
chosen by the user. A learnt model is used later for activity recognition purposes.

directly. The models we propose are inspired by the measurement of the frequency
of the training data as the previous methods, but adding multi-resolution capabili-
ties.

Another type of models that can be borrowed from the language processing
are topic models. When writing a text document, it is common practice to first
sketch down the main ideas/topics that we want to write. Then, we express those
ideas with concrete sentences and paragraphs. Inspired in this two step process,
topic models are formal probabilistic generative models that learn some topics
characterized by histograms over a set of words. The topics correspond to abstract
latent components, however in many situations they are interpreted as real topics.
Understanding the different variants of topic models is not in the scope of this work
but we briefly refer to two of the most popular approaches:

1. LDA-Latent Dirichlet Allocation: Given a set of text documents, and
knowing that certain topics characterize the documents, an interesting prob-
lem is to classify the words of the document into topics, which indicate their
possible meaning. In activity modeling, a topic can be seen as a cluster of
sub-activities that characterize a target activity. LDA is a popular model
based on Bayesian networks to infer the underlying topics of text data. LDA
is introduced by Blei et al [Blei 2003b]. An instructive overview of LDA can
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be found in: [Blei 2011]. There are several variants of LDA, including a hier-
archical version [Blei 2003a]. Nevertheless, the main limitation of LDA is that
the number of topics needs to be set a-priori.

2. HDP-Hierarchical Dirichlet Process: HDP is described by [Teh 2005], it
is a model derived from LDA, where the number of topics is not assumed to
be given. HDP learns the number of topics from the sampling data. Since
the number of topics is unknown a priori and could be large, the finite topic
mixture of each document can be replaced by an infinite topic mixture with
a Dirichlet process as a prior. The main difference between HDP and LAD is
that LDA assumes a fixed number of topics to be set a priori. Recently, a vari-
ant of HDP is proposed to cluster structured activities using as input optical
flow [Emonet 2011]. Nevertheless, the approach can only detect unfrequent
activities of short duration.

Using natural language approaches out of the box (frequency and topic) for
non-structured long-term activities has three main problems:

First, the approaches consider the ordering of the words (sub-activities).
Beyond language modeling exists the notion of "building a sentence", which is
possible due to the rules established by the language grammar. In our case, when
activities are loosely constrained (e.g. "preparing meal") nothing guarantees that a
person is going to "use the refrigerator" before/after "using the sink".

Second, the hierarchical learning of the models assumes the data has been
collected at a single resolution. The models are not prepared for multi-resolution
data representation. Even more, the input data for document modeling is simple
(words), while for activities more quantitative information needs to be represented
(e.g. location, duration, motion).

Third, the models are mainly designed to work with low-level features as
single-layer approaches. Therefore, the models are complex and hard to modify
manually. We aim at flexible models capable of describing the high-level discovered
activities which hold semantics.

In this work we propose two methods for modeling activities that follow the
classical deterministic and probabilistic paradigms. The models are described in
the following sections 6.4.4 and 6.4.5.
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6.4.4 Hierarchical Activity Models (HAM)

We get inspired by the Hierarchical Dirichlet Process to propose a hierarchical
model that captures the structure of an activity and it sub-activities at once. The
model is represented as a tree of nodes (defined in section 6.4.4.1) which initially
have a similar structure to an activity neighborhood (defined in section 6.4.1).

Each level of the tree of nodes represents a resolution level of an activity
neighborhood. In practice, we use 3 resolution levels. The training of a model takes
as input a set of activity neighborhoods. The root of the neighborhoods describes
the same semantical activity which is the target activity to be modeled. Each
input neighborhood is considered as a training prototype of the same target activity.

A pre-clustering stage

At each resolution level of the input neighborhoods we perform a clustering
stage over the set of discovered activities (DA). The clustering aims at grouping
similar DAs to build nodes1 (N) which are the building blocks of the model.
Several DA attributes can be considered for the clustering stage (e.g. "duration",
"local dynamics", etc). In practice, we cluster the DAs that share the same type
(typeDA) -which are graphically illustrated by the same color-. The clustering is
performed recursively and the scope is local to the neighborhood of a DA; this
means that the information of a single DA can be repeated in two different nodes.
An example of the clustering stage is illustrated in the figure 6.13, where a tree of
nodes is learnt pre-clustering the inputs: A1neighborhood and A2neighborhood. A1 and
A2 are semantically equivalent (i.e. correspond to the same activity: "Preparing
Meal"). The clustering of the DAs (Bi, Cj , Dk, El, Fm)2 is performed at each
resolution level. The clustering results are nodes which are built based on the
type of the composing DAs (i.e. cluster members). Graphically, we illustrate the
correspondence between a node and its composing DAs using the same color.

The links between the nodes represent the hierarchical structure of the model.
The link structure is based on the structure of the input activity neighborhoods. For
example, in the figure 6.13 a sub-node of N0 is a cluster composed of sub-activities
of A, where A is an activity composing the node N0.

A node is not only a cluster of activities but it holds also the abstraction
of the properties of the contained activities and the linkage with finer resolution
sub-activities. In the next sections we explain the notion of a node and we define a
set of procedures to learn the model of an activity.

1A node and its properties are defined in the next sub-section 6.4.4.1.
2The DAs: Bi, Cj , Dk, El, Fm are the discovered sub-activities of "Preparing Meal" at different

resolutions.
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6.4.4.1 A Node

A node represents a cluster of discovered activities (DA) that share similar prop-
erties (e.g. type, duration) and similar sub-activities. A node N is composed of a
set of discovered activities {DA1, DA2..., DAn} where all DAs are at the same res-
olution level. A node is defined based on the resolution level of its composing DAs1.

Each node N has two attached elements: attributes and sub-attributes (see
6.14). The attributes of N are a set of measurements over the DAs self contained
in the node (i.e. "The DAs average duration"). The sub-attributes of N are models
characterizing the attributes of the sub-nodes linked to N . The sub-attributes aim
at describing the relationships between the sub-nodes (i.e. "The percentage of time
occupied by a sub-activity").

Figure 6.13: Example of the construction of a reinforced model resulting of 2 input
training prototypes. The discovered activities A1 and A2 have the same semantical
meaning which corresponds to the activity we are interested to learn (i.e. target
activity). Each Ni is a computed node obtained from clustering the sub-activities
Bi, Cj , Dk, El, Fm at the different resolutions of the input neighborhoods.

The Node Attributes

Many attributes could be calculated for describing temporal and spatial activity
properties of the activities contained in a node. For a node N we define 4 attributes.
The attributes aim at characterizing: 1) global and local spatial properties of the

1A node is at resolution l when it is build of DAs at resolution l.
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Figure 6.14: Example of the architecture of the model. Each node (N0,2,4) is com-
posed of attributes and sub-attributes. The attributes characterize the DAs of a
node and the sub-attributes characterize the sub-DAs of a lower tree level. With
respect to the activities, N2,4 represent two different sub-activity clusters of N0.

DAs of N, 2) temporal properties of the DAs of N (e.g. duration). The attributes
are:

1. type: it is adopted from the DAs composing a node (usually represented by a
color). For a node N, typeN = typeDAq , ∀ DAq ∈ N.

2. Instances: is the amount of DAs ∈ N. Note that all DAi ∈ N have the same
type.

3. Duration: is a gaussian distribution Duration(µd, σ
2
d) which describes the

temporal length of the set of activities in a node N. In practice, DurationN
measures the amount of frames used by the DAs composing N. For the set
of discovered activities {DA1, DA2, ..., DAn} ∈ N:

µd =
n∑
i=1

end frameDAi − start frameDAi
n

σ2d = E[((end frameDAi − start frameDAi)− µd)2]

4. Local Dynamic Distribution (LDD): is a discrete probability distribution that
describes the main angles and lengths of the local motion tracklets of the DAs
inside a node. The attribute is calculated from information of the primitive
events that compose the DAs of a node. The figure 6.15 sketches the type of
information used to build the histogram of a discovered activity DA1. The
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Figure 6.15: Illustration of the construction of a histogram (HistogramDA1) charac-
terizing the local dynamics contained in the discovered activity DA1. The histogram
is computed by the combination of the angles θ and lengths of all the primitive
events contained in DA1.

attribute is calculated from all the histograms of the DAs composing the node.
For a discovered activity DAi ∈ N the histogram HistogramDAi is computed
using the set of primitive events ({PEq}) composing DAi:

{PEq}|PEq ∈ DAi (6.7)

A HistogramDAi has 8 bins (θ), each bin is the normalization of the angle de-
scribed by a local motion tracklet. θ can take one of the following values: 22.5,
67.5, 112.5, 157.5, 202.5, 247.5, 292.5, 337.5. The count is the accumulation
of the length of the PE tracklets. A HistogramDAi is computed as:

HistogramDAi(θ) =
∑

m,q|PEm∈DAi∧Dynq∈PEm

PEm.Dynq.Length ⇔ PEm.Dynq.θ′=θ

(6.8)
The PEm.Dynq.Length is the length of the local motion tracklet q. The tracklet
q is included in the primitive event PEm. The length PEm.Dynq.Length is com-
puted as a straight line between the first [0] and last [n] points of the tracklet
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q.
PEm.Dynq.Length = PEm.Dyn[n] − PEm.Dyn[0] (6.9)

The PEm.Dynq.θ′ is the normalization result of the angle described by the
tracklet q. The normalization is achieved by assigning the closest pre-defined
angle (θ) to the real calculation. The angle is calculated using the first [0] and
last [n] points of the tracklet q:

PEm.Dyni.θ′ = Norm(angle(PEm.Dyn[n], PEm.Dyn[0])) (6.10)

where Norm is the angle normalization1, and

angle(A,B) = (180/PI) ∗

{
value(A,B), if value(A,B) > 0

2 ∗ PI + value(A,B), otherwise

where

value(A,B) =



PI/2, if A.x ≡ B.x ∧B.y ≤ A.y
3 ∗ PI/2, if A.x ≡ B.x ∧A.y ≤ B.y
0, if A.y ≡ B.y ∧A.x ≤ B.x
2 ∗ PI, if A.y ≡ B.y ∧B.x ≤ A.x
atan2((B.y −A.y), (A.x−B.x)), otherwise

where A.x and A.y are the spatial coordinates of a tracklet point in 2D.

Finally, the attribute Local Dynamic Distribution of a node N (LDDN) is
learned from the set {DAi.histogram | ∀i DAi ∈ N}. NLDD is a discrete
distribution where a random variable X can take 8 possible values θ.

LDDN(θp) = p{X = θp} =

max(i)|DAi∈N∑
i=0

histogramDAi(θp)∑8
q=0 histogramDAi(θq)

(6.11)

In our experiments the usage of a combination of the length and angle of the
local dynamic trackets provides a stable descriptor. In previous attempts we have
also introduced the number of trackets per PE. Nevertheless, due to the pixel-based
nature of the local dynamics it is hard to assure that a similar movement produces
the same number of tracklets.

The Node Sub-Attributes

The set of attributes defined in the previous section is learned from the DAs
contained on a single node implying that there is no description of the relationships

1The normalization maps the computed angle value to the nearest value in the set {22.5, 67.5,
112.5, 157.5, 202.5, 247.5, 292.5, 337.5}.
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between different nodes. The relationships between nodes is a crucial part of
the activity model, informally it describes for an activity the composition of its
sub-activities.

The sub-attributes are a mean to share information among groups of data
(nodes). They are latent variables which are learnt from the attributes of the
sub-nodes.

For a node (Nl)1 we define two sub-attributes named mixturesubactivity and
timelapsesubactivity which aim at describing two properties of the sub-nodes (Nl+1

i )
linked to Nl.

1. mixturesubactivity: Represents the contribution of each sub-activity type in
the composition of sub-activities.

The mixturesubactivity is calculated using the typeNl+1 attribute of a set of
sub-nodes (Nl+1

q ). The sub-nodes are contained in a set of nodes which have
the same typeNl

1
= ... = typeNl

n
. The set of nodes correspond to different

training prototypes of a target activity.

The number of instances of the sub-nodes with the same type is modeled with
a Gaussian distribution (Θmixture

type ). The Gaussian distribution characterizes
the appearance of the sub-nodes (typeNl+1) in the nodes Nl

1...N
l
n. A

Gaussian distribution Θmixture
typei corresponds to a typei

Nl+1
q

of the sub-nodes of

Nl
1...N

l
n. The number of different distributions (Θmixture

type ) is the same as the
number of unique sub-node types at the resolution l+1 linked to the Nl

1...N
l
n.

For a node Nl
1, the mixturesubactivityNl

1

is modeled as a mixture of gaussians

(MOG) of (Θmixture
typei ) with the following parameters:

K = number of mixture components (Gaussians).
O = number of observations (sub-activity instances).
wi=1...K = prior probability of a particular component i, (the mixture weight
of each node type).
Θmixture
typei=1...K

= parameter of the distribution of the observations associated
with the component i. In our case Θmixture

typei ∼ (µi, σi).

1The super-index l denotes the resolution level of a node, where l + 1 corresponds to a finer
resolution than l. Therefore, a node Nl+1 is a sub-node of a node (Nl) when they are hierarchically
linked.
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For two nodes Nl
1 and Nl

2. Let a set {Nl+1
1 , ...,Nl+1

n } of sub-nodes of Nl
1 and

a set {Nl+1
n+1, ...,N

l+1
m } of sub-nodes of Nl

2. Let typeNl
1

= typeNl
2
, then the

parameters ofmixturesubactivity
Nl

1

(K,O,w,Θmixture
type ) are calculated as follows:

K = |{typeNl+1
1
, ..., typeNl+1

n
} ∪ {typeNl+1

n+1
, ..., typeNl+1

m
}| (6.12)

K is the cardinality of uniques type of the nodes.

µi =

∑m
p=1 InstancesNl+1

p
∗ δ(type

Nl+1
p

,type
Nl+1

i

)∑m
p=1 δ(type

Nl+1
p

,type
Nl+1

i

)
i ≤ m (6.13)

wi =

∑m
p=1 δ(type

Nl+1
p

,type
Nl+1

i

)

O
(6.14)

where δ is the Kronecker delta.

2. timelapsesubactivity: represents the distribution of the temporal duration of
the sub-nodes. In other words, timelapse characterizes the temporal duration
of the sub-activities of the same type.

The timelapsesubactivity is learned using the DurationNl+1 attribute of a set
of sub-nodes (Nl+1

q ). The sub-nodes are linked to nodes (Nl
1,...,m) which

have the same type and are extracted from different prototypes of a an activity.

The DurationNl+1 attribute is a Gaussian distribution which characterizes
the temporal length of the activities of the sub-nodes Nl+1

1...n where these sub-
nodes of the same type (typei

Nl+1
q

). We compute a new Gaussian distribution

Θtimelapse
typei

for each set of sub-nodes with the same type (typeiN1...n
) which

characterizes the average Duration of Nl+1
1 ...Nl+1

n .

For a node Nl
1, the timelapsesubactivityNl

1

is modeled as a mixture of gaussians

of (Θtimelapse
typei

) with the following parameters:

K = number of mixture components.
O = number of observations (# of sub-nodes).
wi=1...K = prior probability of a particular component i, (the mixture weight
of each node type).
Θtimelapse
typei=1...K

= parameter of distribution of observation associated with
component i. In our case Θtimelapse

typei
∼ (µi, σi).
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For two nodes Nl
1 and Nl

2. Let a set {Nl+1
1 , ...,Nl+1

n } of sub-nodes of Nl
1 and

a set {Nl+1
n+1, ...,N

l+1
m } of sub-nodes of Nl

2. Let typeNl
1

= typeNl
2
, then the

parameters of timelapsesubactivity
Nl

1

(K,O,w,Θtimelapse
type ) are calculated:

K = |{typeNl+1
1
, ..., typeNl+1

n
} ∪ {typeNl+1

n+1
, ..., typeNl+1

m
}| (6.15)

K is the cardinality of uniques type of the nodes.

µi =

∑m
p=1DurationNl+1

p
(µ) ∗ δ(type

Nl+1
p

,type
Nl+1
i

)∑m
p=1 δ(type

Nl+1
p

,type
Nl+1
i

)
i ≤ m (6.16)

wi =

∑m
p=1DurationNl+1

p
(µ) ∗ δ(type

Nl+1
p

,type
Nl+1
i

)∑m
q=1DurationNl+1

q
(µ)

i ≤ m (6.17)

where δ is the Kronecker delta.

6.4.4.2 The HAM recursive property

In the previous section, we define a hierarchical structure of nodes to model a
target activity. The definition supposes a hierarchical structure of activities and
sub-activities of two resolutions (i.e. l and l + 1). In practice, we use three
resolutions to learn an activity model. The resolutions correspond to the three
resolutions described in the neighborhood of the input training prototypes. The
previously defined calculations are sufficient to build models involving several
levels of resolution. It is enough to calculate recursively the attributes and the
sub− attributes, starting from a set of leaf nodes and considering that the father is
the root node. The process can be repeated iteratively until reaching the real root
of the tree of nodes at built of the training prototypes.

6.4.5 Multiresolution-Histograms models (MH)

The MH approach can be seen as a brute force method which aims at capturing local
and global information of the an activity in a set of multi-dimensional histograms.
Each histogram is computed from one resolution level of the neighborhood of an
input activity.

For an activity, at each of the 3 different resolutions of a training neighborhood,
we compute 3 histograms: H1, H2, H3. Where Hi captures the information of the
PEs sequence of DAs at a resolution l1 inside the neighborhoods of the training
prototypes of a target activity.

1For example, H1 corresponds to the resolution l, H2 corresponds to resolution l + 1 and H3

corresponds to resolution l + 2.
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For different samples of the target activity, the pre − clustering stage is
performed as described in the previous section. The histograms are computed from
the resulting tree of nodes that represent the hierarchical structure of an activity
and its sub-activities.

For each resolution l of a tree, a histogram Hi is computed. Hi is a histogram of
2 dimensions that characterizes the local and global agent motion described with the
primitive events (PEs) contained in the input DAs of all the nodes at the resolution
l.

• A first histogram bin (global feature) is a typePE1 which is equivalent to one
of the node type (TypeN ).

• A second bin (local feature) is an angle value θ ∈ {22.5, ..., 337.5} (8 possible
values, which aims at characterizing the agent’s local motion).

The histogram count is defined as the accumulation of:

Hi(typePE , θ) =
∑

LDDN (θ) : {∀N | typeN = typePE} (6.18)

Where LDD is the Local Dynamic Distribution attribute of the nodes of
typeN (see 6.11), and the nodes N are at a resolution l correspondent to Hi.

The figure 6.16 illustrates an example of a histogram (H1) learned using a
set of PEs contained in an input prototype neighborhood. The histogram Hi is
computed at a resolution l which in this case is represented as a resolution of Level
102.

There are two main advantages of modeling activities based on histograms.
1) Both, global and local person motions are packaged together in an unique
histogram. An off the shelf histogram similarity measurement can characterize
the distance between different activities. 2) The structure of the model is general
and flexible, a new feature can be encoded in a histogram by simply adding a new
dimension and computing the count as the relationship between all dimensions.

The drawback of this method is that it requires the set up of numerous
parameters (i.e. add weights to each feature) to measure the similarity 1:1 between
models. Also, due to the the simplicity of the model, all nodes of a resolution l

are all characterized together without considering the hierarchical links with the
sub-nodes at a finer resolution l + 1.

1Recall that the typePE describes a global transition of the agent between two scene regions.
2Recall that the resolution l is corresponds to a Level n where n describes the number of scene

regions of a topology. Then, Level 10 denotes that the PEs are computed using a topology of 10
regions.
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Figure 6.16: Example of an histogram H10. Note that the real model contains 3 of
these histograms.

6.5 Activity Similarity

In this section we define general measurements of the similarity between activity
models. We describe a 1:1 comparison between two activity models. Due to the
previous definitions of 2 procedures to model activities: HAM and MH, we define 2
methods to compute the similarity between activity models.

The selection of a similarity metric depends on the application of the framework
where user preferences need to be considered. For example, the user can consider
more important to stress the similarity of the duration of an activity over the lo-
cal motion (i.e. LocalDynamics). Following, we explain the metrics proposed to
compute the similarity between activity models. These metrics are used later to
recognize activities automatically in unseen videos.

6.5.1 The similarity of HAM - Hierarchical Activity Models

We define a metric that computes a similarity score between two activity models
in a recursive manner. The recursive procedure assumes that the root node of the
models to compare have the same type. Let Nl

A and Nl
B be the root nodes of two

HAMs. Let {Nl+1
A1

, ...,Nl+1
An
} and {Nl+1

B1
, ...,Nl+1

Bm
} be the sub-nodes linked to Nl

A

and Nl
B respectively.

To compute the score we define a recursive function Compare as follows:

score = CompareNl
A,N

l
B

(6.19)



122 Chapter 6. Activities: Discovery, Modeling and Recognition

CompareNl
A,N

l
B

=
∑



1−∆1(LDDNl
A
, LDDNl

B
)

1−∆2(InstancesNl
A
, InstancesNl

B
)

1−∆3(DurationNl
A
, DurationNl

B
)

1−∆4(mixtureNl
A

(w),mixtureNl
B

(w))

1−∆5(timelapseNl
A

(w), timelapseNl
B

(w))

+RecursionNl
A,N

l
B

RecursionNl
A,N

l
B

=

m,n∑
i,j=1

δ(·) ∗ Compare(Nl+1
Ai

,Nl+1
Bj

)

δ(·) = δ(type
Nl+1
Ai

,type
Nl+1
Bj

)

where ∆i is a normalized euclidean distance and w is the mixture wight of the
sub-nodes1; the δ(·) Kronecker delta assuring that the pair of nodes to compare
share the same type. Recursion denotes the recursive step which compares the
sub-nodes in case of existence. When a pair of nodes to compare are leafs of the
HAMs the Recursion is skipped.

6.5.2 The similarity of MH - Multiresolution Histograms model

An activity is modeled by n (e.g. 3) 2-dimensional histograms, where each
histogram corresponds to a hierarchical resolution l. We propose the usage of a
distance that measures similarity of all (local and global) activity descriptors at
once. Since the activities are modeled by a set of 2-dimensional histograms, we use
the Earth Movers distance (EMD) [Levina 2001] to compare histograms.

We compute a score that measures the similarity of the activities at the different
resolutions (capturing the sub-activity similarity).

Supposing three resolutions (n = 3) as it is defined in the section 6.4.5. The score
is computed by comparing the n histograms of one model: Activity (Hl, Hl+1, Hl+2)

with the 3 histograms of a second model: Activity′ (H ′l , H
′
l+1, H

′
l+2) adding the

result values:

score =

l+2∑
i=l

EMD(Hi, H
′
i) (6.20)

1The mixture and timelapse are abbreviations of mixturesubactivity and timelapsesubactivity
sub-attributes of a node.
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6.6 Activity Recognition

For a new unseen video dataset, we aim at recognizing target activities in an
unsupervised way. The task is achieved by measuring the similarity between learnt
activity models (i.e. template) and candidate activity models (i.e. test) where the
candidate activity models are built automatically.

For a new1 video, the recognition process, starts by searching and building
models of candidate activities. The candidates are new discovered activities which
correspond spatially with a target activity (i.e. the root node has the same type).
Then, the recognition process measures the similarity between a target activity
model and the candidate models to compute a similarity score which allows the
deterministic activity recognition.

Suppose Activitymodel2 is the learnt model of a target activity, and Scenemodel
is the training scene model used for learning the Activitymodel.

The recognition of a target activity in a new video is an unsupervised procedure
computed in five stages:

First, the new sequence of perceptual features chunks (PFCs) is computed.

Second, the new Primitive Event sequences3 are computed using the previously
learnt Scenemodel. This way, the PEs of the new video match spatially (typePE)
with the PEs used for learning the target activity.

Third, the activity discovery process is performed with the new PEs. From
the new computed sequence of test DAs, those that contain the same type (color)
as the one used for labeling the target activity are called candidate activities. For
example, in figure 6.11 we label DA4−4 to model "Preparing Meal". For the new
video, all DA4−4 appearing at the resolution of Level5 are selected.

Fourth, the algorithm builds a model (Activitycandidatemodel ) for each candidate
activity selected in the previous step.

Fifth, due to the previous steps, the models: Activitymodel and Activitycandidatemodel

have a global spatial correspondence. To assure that both activities are semantically
the same, we compute a score between the models using a similarity measurement
(defined in previous sections). Finally, the computed score is thresholded to achieve
a deterministic activity recognition. The threshold can be configured manually or

1new denotes unseen or testing data.
2Usually the Activitymodel learnt from training data is a reinforced model.
33 sequences are computed, each sequence corresponds to a Topology resolution of the training

Scenemodel.
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learnt by computing the average score of the training prototypes used to build an
Activitymodel.

The activity recognition process can work in an on-line1 fashion. The procedure
of seeking for candidate activities speeds up the whole recognition process. It can
be seen as a coarse-recognition stage which considers the global position as the
main activity descriptor. The procedure is refined by computing a similarity score
which takes into account finer activity descriptors for the final recognition. In our
off-line experiments the algorithm is able to recognize all instances of any target
activity used for evaluation in less than 5 seconds (the new data to analyze is a
video of 4 hours).

1The recognition has a small delay corresponding to the inevitable completion of a characterizing
part of the target activity in the new video.



Chapter 7

Evaluation

This chapter aims at demonstrating the efficacy of the whole chain of algorithms
proposed in this thesis to understand long term activities.

We divide the evaluation of this work in two parts:

1. Recognition: We evaluate the performance of the framework for seeking and
recognizing targeted activities in unseen videos. For example, once an activity
(e.g. "Preparing Meal") has been learnt from a training dataset we evaluate
the recognition of all of the instances of the same activity appearing in a new
video.

To achieve the recognition, the model of a target activity is learnt from few
training prototypes1 selected by the user. The evaluation of the recognition
procedure is sub-divided into 3 system configurations:

(a) Scene & Sensor: Three scenes are evaluated. Also, we variate the
acquisition sensor and compute Perceptual Feature Chunks of monocular
cameras (2D -sensor) and of RGB-Depth map sensor (3D -sensor)
depending on the scene.

(b) Resolutions: We compare the hierarchical activity representation
(multi-resolution), with the same techniques applied to a single-
resolution activity representation.

(c) Modeling technique: We learn models of target activities using Hier-
archical Activity Models (HAM) and Multiresolution-Histogram models
(MH). We compare the recognition results using the two types of model-
ing techniques for different datasets.

2. Ranking: Measures the performance of the framework for helping the
user to find similar instances of a selected activity. The user selects a
discovered activity and the algorithm seeks similar activities and ranks them.
The process is completely unsupervised and can be considered as a video
understanding tool for statistical analysis.

1A reinforced model.
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7.1 Evaluation Scenes

The proposed activity understanding method is applied to different system configu-
rations. A first configuration is to change the data source. We divide the evaluation
scenes depending in the sensor type. We use two types of sensors: a classical video
camera (such as a webcam) and a depth-map camera. Therefore, we have two type
of scenes:

1. Monocular Video Camera Scenes

2. Depth Camera Scenes

In the following subsections we explain the composition of the scenes (i.e. fixed ob-
jects, regions); the registered videos; the participants (also called from a perceptual
perspective: actors, agents, mobiles, or objects); and the type of targeted activities
for evaluating the activity recognition method.

7.1.1 Monocular Video Camera Scenes -MCS-

We capture and analyze a collection of videos (datasets) corresponding to two dif-
ferent MCSs. The datasets are named HOME-CARE and HOSPITAL, their name
corresponds to the type of applications they are intended to serve. The two scenes
are described as follows:

(a) Outside (b) Living-room (c) Kitchen

Figure 7.1: The images are from the Gerhome laboratory, which we use to evaluate
our method for HOME-CARE applications.

• HOME-CARE, the description:

To develop and test the proposed methods applied to home-care applications,
we have set up an experimental laboratory under the E.U. project Gerhome
1. The laboratory is located at the Scientific Center of Technical Buildings
at Sophia Antipolis in France. The laboratory looks like a typical apartment
of an elderly person: 42m2 with an entrance, a living-room, a bedroom, a

1http://gerhome.cstb.fr
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Figure 7.2: Coarse description of the important regions in the scenes corresponding
to the (a) HOSPITAL and (b) HOME-CARE datasets.

bathroom, and a kitchen. The kitchen is equipped with a stove, a microwave,
a fridge, cupboards and drawers. The living-room contains a table, an
armchair, a TV and chairs. The apartment is equipped with: 4 monocular
cameras; 12 contact sensors (e.g. "open/closed door"); 4 pressure sensors (i.e.
"on the chair"). From the setup, we use only minimal visual information (a
video camera), but we compare with multi-modal approaches in later sections.
Some images the of the Gerhome laboratory environment are displayed in the
figure 7.1. The used camera point of view and the meaningful scene regions
are described in the figure 7.2 (a).

• HOSPITAL, the description:

The scene is built under the framework of the French ANR project SweetHome.
The scene is an equipped room designed to understand the triggers, the impact
of treatments, and the evolution of elders diseases. The overall aim of the
project is to develop a technological approach for behavioral assessment in
early and moderate stage of Alzheimer’s Disease. The room has 32 m2, and
it is located at the Memory Centre University hospital (Geriatric pole). It is
equipped with various objects for the agents interaction such as: a table and
a chair for sitting and reading; reading material; a TV; a coffee corner; a chair
to perform exercises. The camera point of view and some objects of the scene
are illustrated in the figure 7.2 (b).

7.1.1.1 The -MCS- videos

Each video contains a single agent and is recorded using a monocular video camera
of 640 x 480 pixels of resolution, streaming at 8 fps.

• HOME-CARE, the videos:
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The dataset contains 7 elderly people performing non-guided activities in an
apartment. In total 24 hours of video are evaluated. The agents are aged
from 60 to 85 years. The videos are captures from 10 am. to 2 pm. The
participants are recruited by advertisements for a research study, and they are
instructed to behave as natural as possible. The participants are alone during
the observation. The videos are available under demand2.

After the observations the volunteers are interviewed separately, an study of
the questionnaires indicates that the sensors do not impact in their everyday
behavior. The fact that the instrumented home is not the volunteers real
home have some effect in their natural behavior. For example, in some cases
the volunteers interact with several kitchen doors before executing an activity.
The situation is reported as problematic in previous work [Zouba 2010] where
the activity models are defined manually, which is not our case.

• HOSPITAL, the videos:

The HOSPITAL dataset contains 4 videos of patients performing guided and
non guided activities in the room (3 hours evaluated). Some of the patients
are diagnosed with early stages of Alzheimer. The dataset is currently being
used to study Alzheimer’s disease symptoms [Romdhane 2010]. The patients
are instructed to perform two exercices:

1. Follow a protocol of guided activities defined by doctors. The protocol
last about 20 minutes, and is surveilled by a nurse outside the camera
scope.

2. Act freely in the room during 40 minutes, in this case the person is
completely alone.

7.1.2 Depth Camera Scene -DCS-

The scene and recordings are digitalized using a RGB-D camera. We capture and
evaluate different datasets for different configurations. Our DCS is named CASA
standing for "Common Apartment for System Analysis" and its described as follows.

• CASA, the description:

The CASA scene is a real apartment located in the city of Nice, France. The
apartment has 50 m2 of surface and the perceptive area includes regions such
as a table, a kitchen and a bathroom. Each region contains typical fixed
objects such as a fridge, tables, a stove, shelfs, etc. Other type of objects are
mobile such as the kitchen utensils, the shelf doors, the chairs, etc. The scene
is full of reflexions (due to the window glass); partial and complete occlusions;
and illumination variations. These situations make of the scene an ideal place
for field-testing the proposed system. The interesting regions and objects
are illustrated in the figure 7.3. In the apartment two datasets are recorded:

2http://www-sop.inria.fr/members/Francois.Bremond/topicsText/GerhomeProject
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Figure 7.3: 3D characterization of the CASA scene, built with a VSLAM to describe
the real scene depths. The labeled dots represent interesting regions and objects for
the agents interaction.

single-CASA and multi-CASA. The datasets contain information of multiple
objects tracked at the same time (i.e. person, joints). The datasets are named
(or prefixed) according to the number of agents present in each one.

7.1.3 The -DCS- datasets

The recordings are captured at 30 fps. The depth camera resolution is of 640 x
480 px. and 16 meters of depth. The RGB resolution is 640x480 (only used for
illustrations). For the DCS datasets, the local dynamics are not computed, the real
3D global information is accurate enough to recognize most of the activities. Also,
in one dataset the finer descriptions obtained with the local dynamics are replaced
with the tracking of the person joints.

CASA represents a real world situation because the agents are well familiarized
with the environment. The agents know the location of everything (e.g. the cooking
utensils) in advance.

• single-CASA, the dataset:

The single-CASA dataset is composed of 2 depth videos with one agent, 30
years old, performing activities during 10 minutes at 2 p.m. in the CASA
apartment. The particularity of this dataset is the availability of the skeleton
joint tracks (e.g. head, hands, etc.). The dataset is composed of several
objects: 15 joints and the center of the person are tracked at each frame. We
use independently each object to recognize composite (or concurrent) activities



130 Chapter 7. Evaluation

recognition. The composite activities are concurrences of different activities
at the same time, which merged describe a richer semantic. For example, the
moving hands over a table is recognized as "Interaction with the table" which
can be merged with an activity "Sitting on a chair" detected using the center
of the person silhouette to build the composite activity: "Working+Sitting".
An example of the type of tracked objects for single-CASA is illustrated in
the figure 7.4 (a).

• multi-CASA, the dataset:

The multi-CASA dataset is composed of two videos of 3 hours of length each
(about 30 Gb of RGB storage). In each video, two persons (out of 3 persons
in total, a person is the same one in 2 datasets) are present most of the time.
The persons are aged between 24 and 30 years old (younger than in previous
datasets). The recording takes place between 21:00h and 24:00h of 2 different
days. An example of the multiple persons tracked in the dataset is illustrated
in the figure 7.4 (b).

(a) Silhouette and
Joints (single-CASA)

(b) Two Silhouettes (multi-CASA)

Figure 7.4: Example of the tracked objects in the two -DCS- datasets. (a) Represents
single-CASA dataset, where a single person is tracked (blue silhouette). Also, the
joints: head, hands, neck, waist points, and other articulations are marked with
a red circle. (b) Represents the information of the multi-CASA dataset, where 2
agents are tracked at all time.

7.1.4 The dataset summary and highlights

In the previous sections we presented 4 different datasets. The proposed evaluation
datasets variate in several aspects:

• Sensor: The digitalization of the data is obtained from RGB and Depth cam-
eras working at different resolutions and fps. The trajectories of the objects
contain numerous perceptual errors such as occlusions and confused IDs, which
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are handled by this work. We aim at showing that the source of the data is
not really important as long as an object can be tracked and therefore the pro-
posed method is sensor independent. The method could be applied on other
sources such as GPS trajectories for a macroscopic activity recognition system
(i.e. vehicles such as trucks, UAVs, tracked during days can get semantical
activity descriptions).

• Agents: We propose datasets of seniors (60-85 ys.), young-adults (24-30 ys.).
The datasets include similar activities performed in different ways, the varia-
tions are due to the difference of age principally. For example, in most of the
cases, the seniors are more structured to perform an activity. Also, the speed
of performing an activity changes due to the age.

• Configuration Flexibility: We propose different configurations. For the MCSs
the local dynamics are computed to have finer activity characterizations. In
DCSs we avoid the computation of local dynamics but we add real 3D point
representation. Also, the combination of different objects is a possible config-
uration to achieve composite activities. The flexibility is such that in future
sections we will demonstrate that the inclusion (or not) of descriptors (i.e.
local dynamics) to our models, is not a blocking or restrictive aspect.

• Applications: We evaluate the method for assisted living and medical applica-
tions. With a similar configuration, the method could be applied to security
purposes. It is not in the scope of this work to try all possible configurations
for different applications, clearly we focus on activity recognition at home.

7.2 The target activities

To evaluate the accuracy of the proposed approach we target a set of activities
which we aim at recognizing.

Which and how to select target activities: The selection of activities for
evaluation should not depend on the perceptual features but on an application
requirement. For example, for security, the early recognition of a person intention
of producing a crime is a requirement. Nevertheless, it makes no sense to evaluate
our method to recognize the intentions of a person. The target of the activities is a
trade off between the perceptual features used and the real application requirements.

For each dataset, we target a set of activities. The activities can be discovered
at the same scene resolution to avoid extensive set-up explanations. In most of the
cases, we select activities which their recognition is required (e.g. physical exercises
[Romdhane 2010]). These activities are usually the typical interesting activities in
the home-care application literature, which makes possible the comparison of our
method with others.
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Other important aspect of the target activities is the challenges they present.
For example, the recognition of the activity "in the kitchen" evaluates mostly the
performance of the tracking method and its recognition is less challenging than a
finer activity such as "Preparing Meal" (which is composed of particular complex
motions). In most cases, the recognition challenges are two:

• Discrimination power: The correct recognition and discrimination of different
but similar activities occurring at the same spatial location. These activities
are complex to be described perceptually.

• Handling low-level errors: The recognition under typical lower-level computer
vision problems such as: miss detected objects, occlusions, light changes, ob-
ject ID confusions, background integration, lack of motion, etc.

Following, we describe the target activities ordered by dataset and the inherent
challenges to recognize them. In most cases we present illustrations of the activities
and its local motion to represent its flow of movements. Also, we show some possible
confusing situations, where most of the recognition systems usually fail.

1. HOME-CARE, the activities:

• "Eating": Examples of persons eating are illustrated in the figure 7.6
-from (a) to (d)-. The challenge is the potential confusions with activities
at similar spatial 2D locations such as "Preparing Meal" illustrated in
fig. 7.6 -from (e) to (h)- and with other activities such as the ones
corresponding to the items (i) to (l) of the same figure.

• "Preparing Meal": The activity is composed of several movements in
the kitchen, mostly defined by the person’s interaction with the kitchen
table, refrigerator, and sink. The figure 7.6 -from (e) to (h)- illustrates
examples of instances of the activity. Possible confusions are "Eating"
and other activities taking place at the kitchen such as "Washing the
dishes".

• "Standing at Armchair": The activity usually takes place when the
person stands in front of a TV which is outside of the camera FOV (see
fig. 7.7 (a)). The activity is challenging due to its short duration and
that can be confused with "Reading/sitting at the armchair" illustrated
in fig. 7.7 (b and c).

• "Sitting at the eating place": The activity takes place on one of the
chairs of the table. Examples of the activity are illustrated in 7.6 (k and
l).
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Figure 7.5: Examples HOME-CARE activities characterized by the change of scene
region. (a) "Armchair to Table", (b) "Armchair to Kitchen", (c) "Kitchen to bath-
room". The activities described in (a) and (b) are potential confusions due to the
similar ending scene region.

• "Reading in the Armchair": The activity is illustrated in the figure 7.7
(b) - usually is a long duration activity. The motion of the person arm
while reading can be detected thanks to the local motion descriptors.
Therefore we aim at differentiating "Reading in the Armchair" of other
activities at the same region such as: "Sitting in the armchair" or
"Standing at Armchair". The purpose of recognizing this activity is
to provide insights of the importance of the local dynamics to improve
recognition by detecting finer activities.

• "Inside the bathroom": Activity that takes place in the bathroom. The
challenge of the activity is related to low-quality perceptual features
(high noise) that can be placed at the bathroom area due to the distance
to the camera.

• "Armchair to Table": Is an activity characterized by the displacement
of the person between two scene regions. The figure 7.5 (a) illustrates
an instance of the activity. The problem is that "Armchair to Table"
can be confused with "Armchair to Kitchen" which is illustrated in fig.
7.5 (b).

• "Armchair to Kitchen": Describes the displacement of the person among
two regions: the armchair and kitchen. An example is displayed in fig.
7.5 (b). The activity can be confused with "Armchair to Table" due to
the similar perceptual ending region.
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Figure 7.6: Example of HOME-CARE activities and potential activity recognition
confusions. The activity "Eating" is displayed from (a) to (d). The activity "Prepar-
ing Meal" is illustrated from (e) to (h). Other activities: (i) "Working at the table",
(j) "Using the wall phone", (k) and (l) "Sitting at the eating place". All activities
share a similar spatial 2D location due to the camera perspective. Such a thing
means that they can be confused at the recognition step. The challenge for the
recognition method is to differentiate them correctly.
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Figure 7.7: Example of HOMECARE activities around the armchair area. (a)
"Standing in Armchair", (b) "Reading in Armchair", "Sitting at Armchair". The 3
activities are potential confusions due to the 2D point of view.

2. HOSPITAL, the activities:

• "Balance": Is an exercise designed to measure the person stability by
standing on one foot at a time. An example is illustrated in figure 7.8
(a). The activity occurs at the chair area (see fig. 7.2) and can be
confused with other activities at the same place such as "Up/Down".

• "Up/Down": Is an exercise where the person stands up and sits down
without stopping. The exercise aims at measuring the speed of the
person to react to these opposite movements. An example is illustrated
in the figure 7.8 (b). The activity can be confused with others in the area.

• "Reading at the table": The activity is not part of the protocol, but
is performed by many patients. An illustration is displayed in fig. 7.8 (c).

• "At the Computer ": The person uses the computer or stays sitting at
such location. An example is illustrated in the figure 7.8 (d).

• "Preparing Coffee": The person uses the coffee machine at the back of
the room (see fig. 7.2) to prepare a cup of coffee. An example can be
found in figure 7.8 (e).

• "Excercice 1 ": An exercise that is characterized by the change of scene
regions from the chair to the mark (see 7.2), The exercise is designed to
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Figure 7.8: Example of HOSPITAL target activities. (a) "Balance", (b)
"Up/Down", (c) "Reading at the table", (d) "At the computer", (e) "Preparing
coffee", (f) "Exercise 1".

measure the walking speed of the patient. An example is illustrated in
the figure 7.8 (f).

• "Excercice 2 ": Is a walking exercise, which is similar to "Exercise 1"
but in the opposite sense (from the mark to the chair).

3. Single-CASA, the activities:

We target 5 activities. Two activities are mostly linked with the position of
the person (prefixed "At."); One activity is characterized by the posture and
location ("Sitting.near"). Finally, two activities are composed of the combina-
tion of a posture or position and other activity recognized at the same instance
of time.

• "Sitting.Near": The person is sitting on a chair, with a relaxed posture,
and facing the table -see figure 7.9 (a)-. It is recognized using the center
of the silhouette. It can be confused with other activities at the same
location -see figure 7.9 (f)-.

• "At.Kitchen": The person is at the kitchen, recognized using the center
of the silhouette -see figure 7.9 (b)-.

• "At.Bathroom": The person is at the bathroom, recognized using the
center of the silhouette -see figure 7.9 (c)-.

• "Working + Sitting.near": Recognized when the person is "Sitting.Near"
(silhouette) and the activity "Working" is recognized using the hands
joints -see figure 7.9 (d)-.
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• "Interaction.Fridge": Recognized when the person is performing
"At.Kitchen" (silhouette) and when the activity "Hands.on.Fridge" is
recognized using the hand joints -see figure 7.9 (e)-.

(a) Sitting.near (b) At.Kitchen (c) At.Bathroom (d) Work-
ing+Sitting.near

(e) Interaction.fridge (f) other

Figure 7.9: Examples of six activities of the Single-CASA dataset (a). The colored
silhouette is a tracked person and the red circles are the tracked joints (e.g. head).
The activities (b)(c) can be confused and, the activities (a)(d)(f) as well.

4. Multi-CASA, the activities: We target 4 activities. Two activities occur in
the Kitchen area and other two in the table area. The activities can be easily
confused due to the numerous vision errors.

• "Sitting.near": The person is sitting in a chair near to the camera, and
facing the table. It is recognized using the center of the silhouette.
Examples of the activity are illustrated in the figure 7.10 (a). In the
other images of the same figure different variations of the activity are
shown. Also, possible errors such as ID confusions -see fig. 7.10 (c) and
(d)-.

• "Sitting.far": The person is sitting in a chair near to the camera, and
facing the table. It is recognized using the center of the silhouette.
Examples of the activity are illustrated in the figure 7.10 (i). In the
other images of the same figure different variations of the activity are
shown. Also, possible errors such as object miss detections -see fig. 7.10
(g)-.
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• "Preparing.Meal": The person prepares meal when several interactions
with the kitchen equipment (e.g. stove) occur. Examples of the activity
are illustrated in the figure 7.11. Also, we illustrate examples of errors
that could lead to confusions in fig. 7.11 (b to d).

• "Interacting.TrashCan": Recognized when a person uses the trash can.
An example is illustrated in fig. 7.11 (a) -white silhouette-.

(a) Sitting.near (b) Sitting.near (c) Sitting.near, Sit-
ting.far (ID changes)

(d) Sitting.near, Sit-
ting.far (ID changes)

(e) Sitting.near, Sit-
ting.far

(f) Sitting.near,
other

(g) Sitting.far (green-
red error)

(h) Sitting.far, other

(i) Sitting.far (red)

Figure 7.10: Examples of "Sitting.near" and "Sitting.far", including different pos-
tures and errors such as ID changes and miss recognized objects.

7.3 Recognition

The recognition of activities is directly related to the activity discovery method
(i.e. a failure of the discovery method implies a failure of the recognition method).
The evaluation of the activity recognition method reflects the accuracy
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(a) Preparing Meal,
Interaction.TrashCan

(b) Preparing Meal
(with occlusion)

(c) Preparing Meal
(object miss recogni-
tion)

(d) Standing.kitchen
(object miss recogni-
tion)

(e) Preparing.Meal

Figure 7.11: Examples of activities of the multi-CASA dataset. The colored silhou-
ette is supposed to be a tracked person where the color is the ID.

of the discovery procedure.

7.3.1 Learning activity models, evaluation procedure

We evaluate the activity recognition method using cross validation technique. The
evaluation is performed by learning the scene and activity models from the training
videos and by recognizing activities in a test video. The procedure can be described
in 3 stages:

1. We learn the scene model and activity models from the training persons.
For example, in HOME-CARE which is composed of 6 videos, to recognize
activities of person G (test), the scene and activity models are learned using
the videos of the training persons A,B,C,D,E,F as it is illustrated in fig. 7.12
(a).

2. The activity recognition is performed in a new dataset (person G) using as
input learned activity and scene models -see fig. 7.12 (b)-.The procedure
returns a set of intervals of time where the target activity is located as it is
illustrated in fig. 7.12 (c).

3. A manually annotated ground truth (GT) is used to evaluate the whole recog-
nition system. The GT describes the intervals of time when an activity begins
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and ends. There exist one GT for each test video. The recognized activity
instances are compared with the GT instances as it is illustrated in the fig-
ure 7.12 (d). The comparison is achieved calculating a set of performance
measures which are described in the next section.

The stages 1) 2) and 3) described above, represent an experiment over a test
video. For the evaluation of the system, one experiment is performed for each
test video accumulating the performance results (e.g. for HOME-CARE 6
experiments are performed).

Figure 7.12: Example of the stages a) b) c) d) involved in the evaluation procedure.

7.3.2 Performance measurements:

For each video, a manually labeled GT describes the intervals of time when an
activity begins and ends. The Activity Recognition method returns the intervals of
time where an activity is recognized. Each recognized activity instance is compared
to the GT and a set of measures are extracted. The figure 7.13 describes intuitively
the variables used to calculate the performance measures which are defined as
follows:

True Positive (TP): Number of activity instances correctly recognized.

TP = # {true positivei} (7.1)

False Positive (FP): Number of recognized instances not appearing in the GT.

FP = # {false positivei} (7.2)
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False Negative (FN): Number of instances appearing in the GT but not recognized.

FN = # {false negativei} (7.3)

Recognition Time (RT): Percentage of time the activity is correctly recognized,
over the GT duration of the activity.

RT =

∑
p recognition timep∑
q ground truth timeq

(7.4)

False Recognition Time (FT): Percentage of time the activity is wrongly recognized
(i.e. while it is not occurring in the GT), over the time the activity is recognized.

FT =

∑
p false recognition timep

video length −
∑

q ground truth timeq
(7.5)

The above defined measures can evaluate the performance of the recognition system
in two ways: 1) The hit/miss activity instances are characterized by the TP,
FP, FN, in a classical way. 2) The temporal length of the activity instances are
characterized by the RT and FT measures. The combination of both provides good
insights on the performance of the recognition process.

Other metrics can be used to compare different configurations of the system
(e.g. the usage of single and multi resolution). Also the metrics can be used
to compare the recognition results using other methods of the literature. These
metrics are metrics over metrics, normalizing the amount of samples used to obtain
the first metrics. The metrics are defined:

TPR: true positive rate (also called recall rate or sensitivity in some publications)
measures the proportion of actual positives which are correctly identified as such, it
is defined as:

TPR = TP/(TP + FN) − higher is better− (7.6)

FDR: false discovery rate, is analogous to the TPR, it is defined as:

FDR = FP/(FP + TP ) − lower is better− (7.7)

PPV: positive predictive value (equivalent to precision), it is defined as:

PPV = TP/(TP + FP ) − higher is better− (7.8)

The measures PPV and FDR are complementary, appearing both in the litera-
ture, we present both measurements in the evaluation.

7.3.3 Configuration

The most important parameter is the configuration of the multiple resolutions,
which is the targetted number of clusters for each topology. We use the same
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Figure 7.13: Example of the variables used to compute the performance measures
extracted from the comparison of the recognized and the ground truth activity
instances. A recognized activity can be TP, FN, FP instance or duration.

Figure 7.14: Learned topologies for the datasets: HOSPITAL (top) and HOME-
CARE (bottom).

configuration 5, 10, and 15 clusters for the 3 scene topologies. Examples of the
topologies are displayed in the figures 7.14 and 7.15.

Another important parameter is the usage of Perceptual Feature Chunks
(PFCs) of fixed or dynamic lengths. For the MCS we use dynamics PFCs. For
the CASA datasets the PFCs have a fixed length. In single-CASA, the PFCs
have a length of 0.3 seconds. In multi-CASA, the PFCs have a length of 1.5 seconds.

Other parameters are as described along this thesis.

7.3.4 Recognition results, monocular camera dataset

Tables 7.1 and 7.2 display the recognition results in the HOSPITAL and HOME-
CARE datasets respectively. The tables show the results using the Hierarchical
Activity Models HAM and the Histogram Models HM.
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(a) 5 regions (b) 10 regions (c) 15 regions

Figure 7.15: Example of the topologies of level (regions) 5,10, and 15, computed for
the multi-CASA dataset.

In both datasets and for the two types of model, the recognition results show
a high rate of True Positives (TP) and a low rate of False Negatives (FN). In the
overall, the target activities are detected 99% of the time. Also, the false positive
rate is low (lower than 1% in the overall). The evaluation of TP, FP and FN
demonstrates that the system can accurately recognize most of the instances of
the target activities with a very low rate of errors. The duration of the recognized
activities is matching in all cases above the 80% of the ground truth activities,
which means that the system can not only count the amount of activity instances
but also have a pretty accurate description of their duration.

The occurrences of FN and FP can be explained. In most of the cases, the
FP occur when the motion of the people is similar while doing different activities,
meaning that the descriptors are not discriminative enough. The FN because of
the lack of the person motion. The FP occurs because a person stops an activity
without changing of place (i.e. at the end of Eating the person stays still for a
while). The problem can be addressed by using a more refined topology (more
clusters).

To illustrate the complexity of the recognized activities we display some results
graphically in fig. 7.16. The examples show the recognition results of two videos of 1
and 4 hours of length each. The first video corresponds to the HOSPITAL dataset,
and the second one to the HOME-CARE dataset. In fig. 7.16 the recognition true
positives are marked (*) colored segment where the length of the segment is the
detected duration. The segments are located in the video timeline providing a
representation of the real ordering and distribution of the occurrences of the target
activities. In the image, we also display in red color the segments where the person
is at the spatial location where a target activity takes place but the person is not
performing such activity (potential confusion).

For example, the activities "Balance" and "Up/Down" take place at the
same 2D position and due to the usage of local dynamics they are not confused
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HAM
TP FP FN RT FT

Balance 3 0 0 100% 1%
Up/Down 3 0 0 100% 4%

Reading at the table 10 0 1 95% 2%
Preparing Coffe 7 1 0 88% 5%
At the Computer 6 1 0 91% 4%

Excercice 1 3 0 0 99% 2%
Excercice 2 3 0 0 99% 1%

HM
TP FP FN RT FT

Balance 3 0 0 100% 1%
Up/Down 3 0 0 100% 4%

Reading at the table 10 1 1 95% 3%
Preparing Coffe 7 1 0 88% 5%
At the Computer 6 1 0 91% 4%

Excercice 1 3 0 0 99% 2%
Excercice 2 3 0 0 99% 1%

Table 7.1: Recognition results for the HOSPITAL dataset using HAM and HM
models to characterize the target activities.

between them nor with other different activities. Similar is the case of "Eating"
and "Preparing Meal" which could be confused due to the camera perspective.
Finally, "Reading" is a challenging activity that can only be differentiated
from "Sitting at the armchair" by the subtle motion of the person while man-
aging reading material, the system is able to detect the activity in most of the cases.

Also in fig. 7.16, we provide examples (marked A, B, C) of false positives and
false negatives, which provide insights of the importance of combining local and
global features.
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HAM
TP FP FN RT FT

Eating 31 1 0 97% 7%
Reading in the Armchair 24 5 0 94% 8%

Preparing Meal 54 2 1 95% 4%
Standing at Armchair 11 2 0 95% 5%
Sitting at Eating place 8 0 1 99% 2%
Inside the bathroom 14 2 0 82% 4%
Armchair to Table 32 2 0 97% 1%
Armchair to Kitchen 15 1 0 98% 3%

HM
TP FP FN RT FT

Eating 31 1 0 97% 7%
Reading in the Armchair 24 4 0 92% 11%

Preparing Meal 52 6 3 83% 6%
Standing at Armchair 11 2 0 95% 5%
Sitting at Eating place 8 0 1 99% 2%
Inside the bathroom 14 4 0 82% 7%
Armchair to Table 32 4 0 96% 1%
Armchair to Kitchen 15 1 0 98% 3%

Table 7.2: Recognition results for the HOME-CARE dataset using HAM and HM
models to characterize the target activities.
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Figure 7.16: Marked with (*) are the recognized segments (TP) of the activities:
(1) “Balance" and “Up/Down" from GERHOME; (2) “Preparing Meal" and “Eat-
ing" from HOME-CARE; (3) “Reading at the Armchair" from HOME-CARE. The
activities are aligned in time. Not marked segments are other -different- activities
occurring at the same spatial location not matching with the model. At the top,
images representing characteristic actions of the activities. (A) is a False Negative
due to lack of motion; (B) is an example of how local motion occurs at the "Prepar-
ing Meal" location, but there is no global position matching and a possible FP is
avoided; (C) is a False positive due to similar motion and global position with the
activity model.
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Tracked object: silhouette center
TP FP FN

Sitting.near 8 0 0
At.Kitchen 3 0 0
At.Bathroom 3 0 0

Tracked object: Right hand joint
TP FP FN

Working+Sitting.near 2 0 1
Interaction.Fridge+At.Kitchen 2 1 0

Table 7.3: Recognition results of the single-CASA datasets using the combination of
different tracked objects. Top table: the person center of mass of the tracked object.
Bottom: the hand joints are used and the recognition results are accumulated in a
single value. The usage of the joints helps recognizing finer activities with only few
errors produced by the challenging tracking of the joints.

7.3.5 Recognition results, depth camera datasets

• single-CASA, results.

The recognition results of single-CASA are displayed in table 7.3. The top
table shows perfect results for the recognition of activities characterized by
the location and posture of the person. The bottom part of the table 7.3,
displays the results of composite activities.

The challenge of recognizing composite activities is linked to the performance
of the weakest tracker, in this case the hand tracker. Tracking the hands is
difficult due to the multiple shapes and occlusions. The FP and FN of table
7.3 can be explained. The FN occur due to a miss detection of the person,
which leads to a miss detection of the hands, the situation is captured and
displayed in fig. 7.17 (a). The FN occur due to the similar motion of the
person at the exact position where the interaction with the fridge occurs.
The situation is displayed in 7.17 (b), and it should be compared with a TP
displayed in fig. 7.17 (c).

• multi-CASA, results.

The recognition results of multi-CASA are displayed in the table 7.4. It needs
to be remembered that the videos contain several object detection errors as
it is illustrated in fig. 7.11 and fig. 7.10. For the activity recognition, the
PFCs are built using only the center of the person. Nevertheless, the results
show an excellent performance of the proposed approach for multiple persons
in real situations.
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Tracked object: silhouette center
TP FP FN

Preparing.Meal 10 0 0
Interacting.Trashcan 2 1 1

Sitting.near 3 0 0
Sitting.Far 3 0 1

Table 7.4: Recognition results of the multi-CASA datasets using the person silhou-
ette center as the main feature of the tracked object.

(a) False Negative (b) False Positive (c) True Positive

Figure 7.17: Example of FN, FP, TP in the single-CASA dataset.

7.3.6 Comparison: Multi-Resolution Histograms vs. Hierarchical
Activity Models

The results presented in previous section are analyzed to evaluate the activity
modeling with the two proposed methods: HAM and HM. The analysis is done
by comparing the metrics TPR, FDR and PPV, presented in the table 7.5.

Improving the recognition results ofHMs is challenging due to its high accuracy.
Nevertheless, comparing side by side the recognition results usingHM andHAM it
is possible to assert the better performance of HAM over HM as it can be noticed
in the table 7.5. The improvement is more notorious in the HOME-CARE dataset
due to the bigger amount of activity instances. In most of the cases the usage of
HAM decreases the false detection rate without increasing the TPR, such a thing
is equivalent to decrease the FPs without decreasing the TPs.

7.3.7 Comparison: Multi-Resolution vs. Single-resolution ap-
proach HM-basic

We aim at measuring the contribution of the local dynamics and the multiple-
resolution configuration for the overall system. We compare the results of learning
the activity models using HMs and a similar previous method [Pusiol 2010], which
we call HM-basic. The main differences between HM-basic and HM are:
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HAM HM
TPR FDR PPV TPR FDR PPV

Balance 1 0 1 1 0 1
Up/Down 1 0 1 1 0 1

Reading at the table 0.9 0 1 0.9 0.09 0.9
Preparing Coffe 1 0.12 0.87 1 0.12 0.87
At the Computer 1 0.14 0.85 1 0.14 0.85

Excercice 1 1 0 1 1 0 1
Excercice 2 1 0 1 1 0 1

Eating 1 0.3 0.96 1 0.3 0.96
Reading in the Armchair 1 0.17 0.82 1 0.14 0.85

Preparing Meal 0.98 0.03 0.96 0.94 0.10 0.89
Standing at Armchair 1 0.15 0.84 1 0.15 0.84
Sitting at Eating place 0.8 0 1 0.8 0 1
Inside the bathroom 1 0.12 0.87 1 0.25 0.77
Armchair to Table 1 0.05 0.94 1 0.11 0.88
Armchair to Kitchen 1 0.06 0.93 1 0.06 0.93

Table 7.5: Comparison of the recognition results: TPR (high is better), FDR (low
is better), PPV (high is better). The activities correspond to the GERHOME
and HOME-CARE datasets. The system configuration is the same than previously
except for the modeling method which are HM or HAM.
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• In HM-basic the approach uses only the global information to build primitive
events, while in HMs it combines global and local features.

• In HM-basic the activity model is a single-dimensional histogram, while in
HMs the model is multi-dimensional containing a normalization of the person
local motion.

• In HM-basic the approach is single-resolution: the discovery of activities is
performed at a single resolution level, while in HMs is multi-resolution (5, 10
and 15 clusters).

We compare the metrics TPR, FDR and PPV to provide insights into the
improvements that are achieved with the method proposed in this work.

Table 7.6 show the results of the recognition using HM-single. It is evaluated
for 5 activities where 2 are evaluated in previous experiments: "Preparing Meal"
(or cooking), and "Eating". For both activities, the results of table 7.6 can be
compared with the table 7.5. The side by side comparison shows an improvement
of over 10% for TPR; and over 13 % for FDR and PPV, while using our proposed
method (HM modeling, multi-resolution and local dynamics). Similarly, the usage
of HAM have have also a grate importance.

In Table 7.6, the activity "Kitchen to bathroom" describes the change of
scene regions. The recognition of a change activity can be compared with similar
activities "Armchair to kitchen/Table" of the table 7.5, where the better results
are obtained using multi-resolution HM.

The lack of local dynamics in [Pusiol 2010] makes hard to characterize activities
such as "Reading in the Armchair", in that case the HM-basic is limited to
the activity "Sitting in the armchair" which is more vague. The results of the
recognition of "Reading in the Armchair" using HM are better than the results
of the more general (easier to recognize) activity "Sitting at the armchair" of
[Pusiol 2010], which highlights the importance of the person local dynamics for the
recognition of finer activities.

To conclude, the usage of multiple resolutions and local dynamics allows the
recognition of finer activities (more precise activities) and also improves significantly
the activity recognition accuracy.

7.3.8 Comparison: Our proposed -HAM and HM - vs. state of the
art -SA1- [Zouba 2010], in HOME-CARE

The literature approach [Zouba 2010] (called SA1) evaluate the recognition of
activities with the same HOME-CARE video dataset. SA1 uses information of
the videos but also of other sensors (i.e. pressure, contact) to recognize activities.
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HM-basic
TPR FDR PPV

Preparing Meal 0.88 0.14 0.85
Eating 0.81 0.23 0.76

Sitting at the armchair 0.91 0.26 0.73
Kitchen to bathroom 0.75 0.25 0.75

Table 7.6: Recognition metrics of the activities recognized in [Pusiol 2010]. TPR
(high is better), FDR (low is better), PPV (high is better). The values presented in
this table can be compared with the ones of the table 7.5 to evaluate the contribution
of the usage of local dynamics and multiple resolutions.

The models of the activities proposed in SA1 are defined manually. The user has
to describe with a modeling language [Vu 2003] the expected activities that may
happen. For example, the activity "Preparing Meal" has been described by: 1) The
fridge is opened (using the contact sensor), 2) the person is bending in the kitchen
(using the posture and people tracker).

HAM vs. SA1:
Target activities are shared between the proposed method HAM and the start of
the art SA1. For example, the activity "Preparing meal"1 is directly comparable.
In [Zouba 2010] the activity "Sitting on chair" is reported2. In this work, we can
differentiate two finer activities at the chair "Sitting at eating place" and "Eating".
The accumulation of the detection of both activities can be compared3 with the
recognition results of "Sitting on chair" reported in [Zouba 2010]. The SA1 is
evaluated with a 5 persons while our approach is evaluated using 7 persons. The
length of the videos of each person is the same (4 hours each). The reported results
of SA1 are compared with the recognition results of HAM in the table 7.7.

HM vs. SA1:
SA1 has been evaluated using cross-validation for 5 persons for the activity
"Sitting in the armchair". In general due to the use of local motion, we are capable
of recognizing finer activity using HAM (e.g. "Reading at the Armchair"). In
previous work HM-basic was used to recognize "Sitting in the armchair". The
comparison is displayed in the table 7.8.

The errors of SA1 are due to different reasons: 1) The use of a segmentation
based approach for the human detection in long-term videos; 2) The lack of
local dynamics (only coarse activities can be detected); 3) The activity model is

1In [Zouba 2010] the activity "Preparing meal" is called "Prepare lunch".
2The lack of local motion descriptors in SA1 disables the accurate recognition of finer activity

at the chair.
3There is no third activity that can be observed at the chair. Therefore the person is either

"Eating" or "Sitting at eating place", and the combination of both is "Sitting on chair" of SA1.
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Our HAM
TP FP FN TPR PPV

Eating 31 1 0 1 0.96
Sitting at Eating Place 8 0 1 0.8 1

Preparing Meal 54 2 1 0.98 0.96
[Zouba 2010]

TP FP FN TPR PPV
Sitting on Chair 54 15 12 0.78 0.82
Preparing Meal 4 3 1 0.57 0.8

Table 7.7: Comparison, reported values for HAM (top) and the state of the art
SA1 (bottom).

Our HM-basic
TP FP FN TPR PPV

Sitting in the Armchair - - - 0.91 0.73
[Zouba 2010]

TP FP FN TPR PPV
Sitting in the Armchair 49 12 8 0.8 0.86

Table 7.8: Comparison, reported values of HM-basic (top) and the state of the art
SA1 (bottom). The TP, FP and FN are not available.

manually built not considering perceptual errors in the model. 4) pressure and
contact sensors can produce erroneous data (e.g. the system detects a person
sitting when a heavy bag is over a chair). Nevertheless, the use of other sensors
enables to reinforce the activity models with non visual information. It can be
seen that HAM considers more visual features than SA1, but SA1 is more flex-
ible to the introduction of non-visual information for the creation of activity models.

In most of the cases the performance of HAM for recognizing long-term activi-
ties improves the results of SA11. Nevertheless, in [Zouba 2010] it is also reported
the detection of short activities such as "use stove" and "use fridge". These activ-
ities are detected using the information of contact sensors which is supported by
SA1 but not by HAM.

7.3.9 Ranking

In previous section we show that HAM provides more descriptive activity models.
Now, we aim at evaluating the capabilities of HAM.

1This includes the recognition of finer activities such as "Eating" and "Sitting at Eating Place"
of HAM compared with the enclosing activity "Sitting on Chair" of SA1.
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Our statement: A good discriminative model would be able to differentiate
between the targeted activities and other -different- activities using minimal training
prototypes.

We propose a mechanism to provide insights into the HAM descriptiveness in
4 stages:

• First, learn the model of a target activity using a single training prototype1

(e.g. "Eating" for person A).

• Second, measure the similarity (compare) of the modeled activity with all
other activities sharing the same spatial location (i.e. "Eating" for person
A, is compared with all activities discovered in the table area for the same
person).

• Third, order the activities by similarity from most similar to less similar. Ide-
ally, all the targeted activities should appear in the first places of the ordering.

• Fourth, compare the obtained activity ordering with the activities contained
in the manually annotated ground truth. From the comparison a rank mea-
surement (R) -defined below- is computed.

• Fifth, repeat the previous steps using other prototype of the target activity
to learn a model. Calculate R learning the model for all instances of a target
activity for different persons.

7.3.9.1 The rank measurement

The rank (R) measurement is a comparison between a set of ordered recognized
activities and a ground truth. By our statement, all true positives (TP) of an
activity should appear in the first places of the set of ordered activities computed
with the mechanism described before. The R metric aims at describing the amount
of false positives (FP) ordered as "more similar" than the last ordered TP.

Suppose < Xi, Xi+1, ..., TPi+q... > is an ordered list where X can be a TP or a
FP and TPi+q is the last ordered true positive appearing in the list, R is defined
as:

R =
#(FPi)

q
i ≤ q (7.9)

The value R ∈ [0..1] represents a perfect result when is 1, otherwise it shows
that false positives are being confused. In practice, the use of an accurate people
tracker provides sufficient data to recognize all activity instances, therefore FN do
not occur.

1A single model.
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Figure 7.18: Person A:In (A) results of computing theR score for the 7 ground truth
instances of "Eating". The model is learned using the discovered activity marked
with the yellow triangle. The black dots correspond to the distances between the
modeled instance and the candidate activities. Left, the sequence of snapshots of the
real video is represented. Right, different situations: (a) "Eating" correctly filtered
out even when the local motion of the person foot could confuse the system; (b) a
confusion occurs due to the motion of the foot of the person and the 2D perception;
(c) when the similarity is low we do not display the candidate activity. In (B) R is
computed for the same person with a richer activity model. The activity model is
learnt using 6 random prototypes of different persons instead of person A. Notice,
that increasing the number of prototypes used for learning the model increases R
as it would be expected.
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7.3.9.2 The rank experiments - single-instance training

We perform experiments in the HOME-CARE scene. We target the activity
"Eating" due its complex variations among persons (e.g. different length, number
of instances, etc.). Also, "Eating" can be easily confused with other activities at
the table area and due to the camera perspective, with activities occurring at the
kitchen area.

From the HOME-CARE dataset we select 3 random persons, named persons
A, B and, C. For each person, we perform as many experiments as "Eating"
instances contained in the activity ground truth. We perform the activity discovery
procedure and we learn the activity model of one of the discovered instances which
correspond to an instance in the ground truth. For each experiment we compute
the R score.

All experiments are displayed in the figures 7.18, 7.19 and, 7.20 for the persons
A, B and, C respectively. Each image shows at the bottom the full activity
discovery results colored type of Discovered Activity (DA). The ground truth
of targeted instances are marked with yellow triangles. Over the illustration of
the discovered activities, a set of layers represents the experiments (7, 3 and 5
experiments). Each layer corresponds to an experiment. For each experiment
layer, the activity model is learned using the DA marked by the user - yellow
triangle -. The colored segments (same color) correspond to candidate activities
occurring at the same place as the modeled one. The black dots correspond to the
similarity of the modeled instance (e.g. "Eating" person A) with all other candidate
activities. The dashed white line appearing in each experiment layer represents
the limit between the last ordered TP and the FPs with higher order position.
All candidate activities which distance is over the dashed line are used to calculateR.

In the left side of the figures, it is displayed a snapshot of the real video. The
yellow triangle marks an "Eating" snapshot and the red triangles are snapshots of
other activities occurring between the instances of "Eating". In the left side of the
images we aim at explaining the rank failures.
The results are summarized in the table 7.9, where in most of the cases R is maxi-
mum.
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PERSON
A B C

GT instances of Eating 7 3 5
R1 1 1 1
R2 1 1 1
R3 1 1 1
R4 0.87 - 1
R5 1 - 1
R6 0.63 - -
R7 0.7 - -

Table 7.9: Results of the computation of R for the persons A, B, C. The results
are a summary of the illustrations of the experiments of the figures: 7.18, 7.19 and,
7.20.

Figure 7.19: Person B: In (A), the results of computing the R score for the 3 ground
truth instances of "Eating".
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Figure 7.20: Person C: In (A), the results of computing the R score for the 4 ground
truth instances of "Eating". It is interesting to remark that while in figs. 7.18 and
7.19 the activity "Eating" appear as the longest (duration) for this person, other
activities at the table area have similar duration and are not confused with "Eating".
Among the potential confusions: (a) Long duration activity at the table. (b) The
person is "Using the fixed phone". (c) The person interacts with the table.
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7.3.9.3 The rank experiments - multi-instance training

The results of 7.9 show the system capability to recognize activities using minimal
information (a single training activity) to learn an activity model. We also aim
at showing that learning the model of an activity using multiple prototypes of a
target activity1 can improve the results. The experiment is illustrated in figure 7.18
(B) where for the person A we learn the model of the activity "Eating" using 6
training instances. The 6 instances are random samples from different persons, also
different from person A. The result is R = 1, which improves the average of the
individual experiments for person A (table 7.9). The results provide a good insight
of the benefits of learning a rich model using several activity examples rather activity
models learnt with a single training instance.

1A reinforced model is more descriptive than a single model.
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8.1 Conclusions

In this work we present a complete framework for activity understanding (i.e.
discovery, modeling and recognition). To achieve the proposed framework we have
combined and adapted techniques of different research fields and solved problems
inherent to the techniques deployment as an unified system. We have explored and
built over computer vision techniques to extract and dynamically compute per-
ceptual descriptors (i.e. PFCs). We have adapted and extended machine learning
techniques for clustering and data reduction to discover the interesting regions of
a scene (i.e. topology) and to extract the main local motions of object parts (i.e.
local dynamics). We borrow graph theory techniques of graph representation (i.e.
K-plet) and matching (i.e. CBFS) to characterize, update, and align topologies.
We have explored and deployed pattern recognition techniques to discover, model,
and recognize activities in new datasets. We have used human computer interface
techniques to retrieve analytical information of the discovered activities allowing
the user to easily interact with the system (e.g. adding semantical interpretation).
The combination of the above described techniques have a main objective which is
to deal with the challenge of bridging the semantic gap limitation present in most
of the literature approaches.
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8.1.1 Closing the loop

To bridge the semantic gap we have proposed a hybrid method which is able
to find, characterize and detect long-term activities. The method is strongly
based on an intermediate layer of primitive events which are the responsible
of linking semantics with perceptual information in a comprehensible manner.
Thanks to the intermediate layer, the proposed method overcomes the problems
of manually describing the target activities by using learning techniques to build
automatically the activity models. In the other hand, the limitation of the learning
techniques (e.g. lack of semantical interpretation) is addressed using weakly
supervision. In other words, the proposed method uses the benefit of a supervised
paradigm to deal with the drawbacks of the unsupervised one, and vice-versa.
Conceptually, the main idea is to let the system to guide the user of which activities
it is able to recognize automatically, and let the user to provide a simple feed-
back to the system about labels of the activities to recognize in a generative fashion.

A point that needs to be stress is the architecture of the framework. This
framework presents a vertical integration strategy. The integration connects each
processing layer from raw data acquisition to its semantical interpretation. The
integration is possible due to the deep understanding of the methods deployed at
each stage. The understanding of each stage allows to identify the environmental
conditions of particular failures (e.g. object miss detection) and to evaluate its
impact on the whole system. As a result, the proposed architecture is flexible, the
modification of a single processing stage does not critically affect the whole system
(e.g. changing the people detector). And therefore, none of the parts is worth more
than the sum of them in the whole system.

8.1.2 Summary

The framework is composed of several parts (divided by chapters) which are logically
ordered. A brief synthesize of the parts can help to understand their unique role in
the whole framework.

• The definition and building ofPerceptual Feature Chunks (PFCs) provide
a description of a video snapshot with the particularity of combining in a single
package the global and local movements of an object. Such a thing, allows to
achieve abstract and precise descriptions of an ongoing activity at once. The
PFCs by themselves can be used to feed directly single-layer complex activity
models which bridge in one step the semantic gap. Towards avoiding such a
bridge we propose to link the PFCs with contextual information. Such a link
does not only explain "what" is happening but also "where and how", allowing
users to understand activity models.

• We learn the interesting regions of the scene and build topologies. The
topologies are at multiple resolutions to avoid configuration problems (i.e.
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number of clusters). The topologies provide macro models of the interactions
of an agent (i.e. person) with fixed objects (e.g. table) and regions (e.g.
kitchen). In this work we see the contextual information corresponding to a
scene as a "living" entity which can change over time and can be different
among agents. Such a thing differs with previous approaches where the con-
textual information is defined once for all agents and it is updated only when
significant changes occur (e.g. a table has moved from one place to another).
Also, it can be seen that the stage of learning the contextual information could
be replaced by a manual procedure without affecting the framework.

• The combination of descriptive video snapshots (PFCs) and macro models of
the scene (Topology) allows the creation of Primitive Events (PE) located at
the middle layer of the semantic gap. The PEs play the role of linking percep-
tive information with semantic interpretation. Building PEs is only possible
through the previous stages. The sequences of PEs contains the characteristic
structures of the long-term activities which still need to be reveled.

• We discover activities using a set of defined patterns which characterize mainly
the movement over the scene at different resolutions. The types of pattern
may be changed or extended without affecting the rest of the system. An
interesting field to be explored in deeper detail is the way the activities are
automatically retrieved and presented to the user. We proposed a sequence
of colored intervals which can represent dependencies (sub-activities) when
they are aligned on a same timeline. The graphical representation allows an
intuitive and easy interaction of non expert users with the system. Also, on top
of the activity discovery we propose two techniques to model hierarchically
the activities of interest. The particularity of both models is that they are fed
with multi-resolution information. Finally, we propose a way to link all the
previous parts together to achieve the recognition of target activities in new
datasets.

• We test the system in home-care applications. We process massive amounts of
data to claim that the method is valid for long-term activities. The obtained
results show the capability of the system of being used in real world problems
and open new doors for future extensions.

8.1.3 Take it home message

This work aims at being applied off the shelf in regular homes without the need of
parametric configuration. Most of the state-of-the-art methods do not overpass the
status of "proof of concept" due to the requirement of configuring numerous pa-
rameters and/or modules (e.g. people detector). Nowadays, activity understanding
needs to solve real world problems (e.g. Alzheimer disease) and to do that, it re-
quires extensive testing in real world conditions. To push research forward we need
to pay attention to the complexity of the systems which are being provided to non
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expert users. It is them who are going to validate the methods by providing testing
data and feedbacks to the research community. To take into account the interest
of non expert users, a good practice is to minimize the parametric configuration of
the system. Nevertheless, minimizing the parametrization should not degrade the
system performance in any way. Such a concept is followed in this work where we
design an activity recognition system which can be configured in 20 seconds
to start tracking people in real time and detecting activities such as "Eating" in
an off-line mode. This system is mainly possible due to two techniques: 1) the
usage of multi-resolution (i.e. topologies, activity models), which means that many
configurations are used and only the meaningful ones prevail for the recognition of
activities; 2) adapting parameters dynamically using other perceptual information
(i.e. mean-shift clustering is adapted to the amount of motion to compute the Local
Dynamics of a person).

8.2 Future Work

8.2.1 In the short term

The proposed work describes the know-how of a complete and tested loop
for long-term activity understanding. We see this loop as a milestone which
can be applied to indoor physical activity applications to help improving the
well-being of people. The framework can be applied of the shelf. Nevertheless,
there is a lot of room for improvement which could make this work to evolve.
At this point we can describe 4 key aspects which can be improved in the short term.

First, we are interested into exploring in deeper detail, the activity modeling
process. We observe that for long-term activities no sharp temporal constraints
can be assumed. Nevertheless, further research could help us to clarify this point.
We are taken the initial steps to compare our modeling techniques and recent topic
modeling techniques to decide in which situations the temporal constraints (if any)
play an important role at the moment of recognizing activities. The comparison
could lead to hybrid models which consider the temporal constraints only when
they are needed.

Second, only the global information of an object is used to discover new
activities. In some cases, an activity can change without being noticed by the
global information (e.g. reading and eating at the table). Currently the situation
is being handled by increasing the number of scene clusters and assuming that a
change in the activity is reflected in the global information when the contextual
information is finer. Nevertheless, in some cases the solution is not optimal and
can lead to errors directly produced by the object tracker. Therefore, we need to
explore the salient changes of the local motion which can trigger the beginning of
new activities even when such an event is not noticed by the global information.
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Third, other types of data (e.g. audio, gyroscope) which also can be massively
collected can be hooked to the framework. In particular, exploring how the primitive
event representation can be extended to handle multi-sensorial information (e.g.
natural language processing provided through microphones). Also, understanding
up to which point (and how) the primitive events can be overloaded with richer
information without loosing the benefit of easily describing semantics.

Fourth, A current limitation of long-term activity understanding systems is
the complexity of the evaluation procedures. The evaluation of the systems requires
of ground truths (annotations) of long duration. The construction of these ground
truths require of large amount of time and of human resources. We have faced
such a limitation during the evaluation of this work. Therefore, we are interested
into elaborate new evaluation procedures to better assess the proposed framework
and to enable the possibility of understanding activities which can be revealed
analyzing longer periods of time (i.e. months).

8.2.2 In the long term

We consider that the proposed work is settling solid basis for other research works
in the long run. At this point we can identify 2 points which could be addressed in
the future.

First, for semi-supervised approaches the way the information is presented to
the non expert users takes a big responsibility for the success of a system. The infor-
mation needs to be adapted to the needs and expertise of the regular user, only then
meaningful user feed-back can be collected to improve the learned knowledge of the
hybrid system. Currently, the information is presented in an authoritative manner
assuming that the users have the same experience as the developer to synthesize
complex information. We aim at exploring the domain of Human Machine Interfaces
(HMI) and psychology to understand the good practices of displaying information in
a way that a regular user naturally gets interested to help the system with feed-back.

Second, this work can contribute to the creation and extension of new
ontologies. In particular, semi-supervised approaches such as the one proposed in
this work in conjunction with intuitive HMI tools can help to align ontologies and
can improve in faster ways the discovery of activities.

8.3 A final thought

Another way to see this work is as a thought manner to cluster trajectory
information. This last statement opens a world of numerous applications. The
applications are those where objects can be tracked for long periods of time. For
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example, we are currently testing the system to recognize activities and perform
analytics of persons tracked (GPS) during extensive workouts (i.e. training for
marathon) to guide coaches in the creation of personalized training plans.

Finally, having explained the know-how of the proposed approach the reader
should have understood the limitations and benefits of the proposed method. At
this point we aim at challenging the reader to imagine the possible applications of
this work, addressing new problems in their own fields of interest.
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Appendix

A.1 K-Means Clustering, Distances

A.1.1 Euclidean distance

The Euclidean distance is a true metric that satisfies the triangle inequality. We
define the Euclidean distance as

d =

√√√√ n∑
i=1

(xi − yi)2

Only those terms are included in the summation for which both xi and yi are present.
The denominator n is chosen accordingly. In this formula, the feature space xi and
yi are subtracted directly from each other. We should therefore make sure that
the feature space is properly normalized when using the Euclidean distance. In
our case, the feature space is the euclidean space, therefore no normalization is
required. Unlike the correlation-based distance functions, the Euclidean distance
takes the magnitude of the feature space into account. It therefore preserves more
information about the data and may be preferable. The image A.1 displays an
example of clustering (i.e. computing a topology) using the euclidean distance.

A.1.2 City-block distance

The city-block distance, alternatively known as the Manhattan distance and L1

norm, is related to the Euclidean distance. Whereas the Euclidean distance corre-
sponds to the length of the shortest path between two points, the city-block distance
is the sum of distances along each dimension.

d =
1

n

n∑
i=1

|xi − yi|

This is equal to the distance you would have to walk between two points in a city,
where you have to walk along city blocks. The city-block distance is a metric, as it
satisfies the triangle inequality. As for the Euclidean distance, the expression data
are subtracted directly from each other, and we should therefore make sure that
they are properly normalized.
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Figure A.1: Example of k-means clustering - Euclidean Distance

A.1.3 The Pearson correlation coefficient

The Pearson correlation coefficient is defined as

r =
1

n

n∑
i=1

(
xi − x̄
σx

)(
yi − ȳ
σy

)

in which x̄; ȳ are the sample mean of x and y respectively; σx and σy are the sample
standard deviation of x and y. The Pearson correlation coefficient is a measure for
how well a straight line can be fitted to a scatterplot of x and y. If all the points in
the scatterplot lie on a straight line, the Pearson correlation coefficient is either +1

or −1 depending on whether the slope of line is positive or negative. If the Pearson
correlation coefficient is equal to zero, there is no correlation between x and y. The
Pearson distance is defined as

dp ≡ 1− r

As the Pearson correlation coefficient lies between -1 and 1, the Pearson distance
lies between 0 and 2. Note that the Pearson correlation automatically centers the
data by subtracting the mean, and normalizes them by dividing by the standard
deviation. While such normalization may be useful in some situations information
is being lost in this step. In particular, the magnitude of changes is being ignored.
This is in fact the reason why the Pearson distance does not satisfy the triangle
inequality.
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Figure A.2: Example of k-means clustering using the Pearson’s Correlation distance.

A.1.4 Uncentered correlation (cosine of the angle)

In some cases, it may be preferable to use the uncentered correlation instead of the
regular Pearson correlation coefficient. The uncentered correlation is defined as

ru =
1

n

n∑
i=1

(
xi

σ
(0)
x

)(
yi

σ
(0)
y

)
where

σ(0)x =
1

n

√√√√ n∑
i=1

x2i

σ(0)y =
1

n

√√√√ n∑
i=1

y2i

This is the same expression as for the regular Pearson correlation coefficient, except
that the sample means x̄ and ȳ are set equal to zero. The uncentered correlation
may be appropriate if there is a zero reference state. The distance corresponding to
the uncentered correlation coefficient is defined as

dU ≡ 1− ru

where ru is the uncentered correlation. As the uncentered correlation coefficient
lies between -1 and 1, the corresponding distance lies between 0 and 2. The un-
centered correlation is equal to the cosine of the angle of the two data vectors in
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Figure A.3: Example of k-means clustering using the uncentered Pearson’s correla-
tion.

n-dimensional space, and is often referred to as such. (From this viewpoint, it would
make more sense to define the distance as the arc cosine of the uncentered correlation
coefficient).

A.1.5 Spearman rank correlation

The Spearman rank correlation is an example of a non-parametric similarity mea-
sure. It is useful because it is more robust against outliers than the Pearson corre-
lation. To calculate the Spearman rank correlation, we replace each data value in
a vector by their position rank (from smaller to greater), building an ordered rank
vector. We then calculate the Pearson correlation between the two rank vectors
instead of the data vectors. As in the case of the Pearson correlation, we can define
a distance measure corresponding to the Spearman rank correlation as

ds ≡ 1− rs,

where rs is the Spearman rank correlation.

A.1.6 Kendall’s τ

Kendall’s τ is another example of a non-parametric similarity measure. It is similar
to the Spearman rank correlation, but instead of the ranks themselves only the
relative rank are used to calculate τ .
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Figure A.4: Example of k-means clustering

dK ≡ 1− τ,

A Kendall’s τ is defined such that it lies between -1 and 1, the corresponding distance
is between 0 and 2.
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Figure A.5: Example of k-means clustering

A.2 Natural Language Processing for Activity Modeling

Language modeling can be used for speech recognition, handwriting recognition,
spelling correction, foreign language reading/writing aid, machine translation and
so on.

A language model is defined as a probability distribution over word sequences.
In "Foundations of Statistical Natural Language Processing" [Manning 2005],
Manning and Schutze point out that words in a corpus can be thought as ran-
dom discrete data, which is generated according to some unknown probability
distribution. For example, if we have a string "I like Chinese food" denoted as
w = w0w1w2w3, the language model is P (w). In other words, the language model
attempts to reflect how frequently a string w occurs as a sentence.

Nowadays, a popular class of models is based on frequency. This class of models
uses term occurrence to weight each word while ignoring any relationship between
words. Since words do not occur in a random order, another class of language
models consists of n-grams, such as uni− gram, bi− gram and , which predict each
word given the n − 1 previous words. The parameter n − 1 indicates how many
previous words are used to model the next word. However, the n-gram models
only focus on the likelihood of short sequences of words, they ignore how words are
semantically related to each other. Recently the attention turned into a particular
class of language models named of topic models. These models start to be widely
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used for activity recognition.

Topic models are based on the "bag-of-words" assumption, which means that
words can be thought as sampled from a set (i.e. bag) of words without any order.
For example, the vector representation of "Lucy is taller than Sam" is the same when
the vector representation of "Sam is taller than Lucy". Topic models also include
latent components which are often referred to as topics since they tend to cluster
together words related to the same topic. Such latent topics can serve as a basis
to measure how closely related words are by meaning. While there are many ways
of modeling topics, Bayesian approaches provide a principled statistical framework
to do this. Moreover, a hierarchical non parameter data model can provide more
precise results. Due to their relevance, we introduce two of the most well known
topic models in the main stream of this work. In section 6.4.3 we discuss: Latent
Dirichlet Allocation (LDA) and Hierarchical Dirichlet Processes (HDP).

A.2.1 A discovered activity and the underlying relationship with
language models

The patterns: Change and Stay defined in Chapter 6, can be seen as words in
language modeling. A word is generally used as a descriptive unit of a document.
In our case, we aim at describing activities by its sub-activities hence a recursive
definition appear. An activity is itself a sub-activity of another activity at a coarser
resolution. When an activity is used as a descriptive sub-activity we consider it as
a word. When an activity is our object of interest (the one we aim at modeling) we
consider its corresponding video as document.

A.2.1.1 Language and Activity modeling notation

We assume that there is a corpus (a set of documents or activities) and that each
document consists of a set of words, which is equivalent to say that each activity
consists of a set of sub-activities. The following notation is be used. Upper case
letters denote variables: T for topics, W for the sequence of words or sub-activities,
and D for documents or activities. The calligraphic versions of the same letters
denote their domain: T = dom(T ), W = dom(W ), and D = dom(D). Lower case
letters indicate values for the variables: t ∈ T ; w ∈ W, and d ∈ D. Sets are denoted
by bold letters: T = {T0, T1, ..., TK−1} is a set of variables and t = {t0, t1, ..., tK−1}
is a joint assignment of values for T. We reserve K to indicate the number of topics
and N to indicate the number of words in each document. A set subscripted by
a negative index denotes all items in the set except the one subscripted: T−k =

{T1, T1, ..., TK}. Some specific lower case letters are used as indices. For example, i
is used as an index for words in a document (or sequence); d is used as an index for
the documents in a corpus or a cluster; and k is used as an index for topics.
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A.2.2 Frequency models

A.2.2.1 Tf-Idf

In information retrieval (IR), researchers developed many techniques to extract rel-
evant keywords. A popular approach is called Tf − Idf . There are many forms for
term frequency Tf , the basic one is using raw term frequency of each word wi in
each document d as follows:

Tfwi,d = nwi,d, (A.1)

where nwi,d is the number of occurrences of word wi in document d. In some
situations, it would be preferable for Tf to grow at a slower rate than linear, so
Salton created another form which is logarithmic:

Tfwi,d =

{
log(nwi,d) + 1, if nwi,d < 0

0, otherwise
(A.2)

By this equation, if a word has higher frequency in a specific document, that word
should have higher Tf weight.

Purely relying on term frequency is still limited because query terms are different
in their ability to discriminate documents. A query term is not a good discriminator
if it occurs in many documents. We should give it less weight than one occurring in
few documents. For examples, when querying "information retrieval", it is unlikely
that documents containing "information" might be more relevant than documents
containing "retrieval". In 1972, Sparck Jones introduced a measure of term speci-
ficity (discriminative power) called Inverse Document Frequency (Idf).

The classic equation of Idf is:

Idfwi = log10(|D|/|{d : wi ∈ d, d ∈ D}|); (A.3)

where |D| is the number of documents in corpus D and |{d : wi ∈ d, d ∈ D}| is
the number of documents that include the word wi. For instance, the word "the"
happens in every document in corpus D. If there are 1,000,000 documents in D,
and |{d : wi ∈ d, d ∈ D}| = 1, 000, 000 too, then the Idf value of "the" is 0. On the
other hand, if a word occurs only in some of documents, the Idf value of that word
should be higher. In the end, the Tf − Idf value is obtained as follows:

Tf − Idf = Tf ∗ Idf (A.4)

This method uses Tf value to find more frequent words in a document, and Idf
value to prune common words that are meaningless in the corpus. However, if the
corpus is related to only one topic, then the most relevant word may happen in
every document, but it is pruned by Idf . As a result, Tf − Idf is not suitable to
label a cluster of documents.
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A.2.2.2 A metric of word relevance

A metric of word relevance is proposed by Zhou and Slater. This method estimates
the relevance of uni-grams (or single words). Since meaningful words tend to clus-
ter in certain parts of the text instead of being randomly distributed throughout
the text, this method computes a measure of the tightness of the clusters of each
word. Words that tend to cluster more frequently are given a higher relevance score.
The approach starts by building a list of positions lw = −1, t1, t2, ..., tm, n where ti
denotes the position of the ith occurrence of word w and n is the total number of
words in the document. Then we compute the average distance µ between successive
occurrences of w as follows:

µ =
n+ 1

m+ 1
, (A.5)

where m is the number of occurrences of word w. We can compare this global
average distance to a local average distance d(ti) for each position ti:

d(ti) =
ti+1 + ti−1

2
, i = 1, ...,m. (A.6)

Occurrences of w where d(ti) ≤ µ are said to be part of a cluster since they are
closer to their neighbors than average. More precisely, we denote by ν(ti) a function
that verifies whether position ti is part of a cluster as follows:

ν(ti) =
µ− d(ti)

µ
(A.7)

Finally, we estimate the relevance of a word by computing the average reduction in
average distance for the cluster:

Γ(w) = 1/m ∗
m∑
1

σ(ti) ∗ ν(ti), (A.8)

While this method is simple and efficient it tends to give low scores to relevant
words that are frequent or rare because they tend not to cluster.

A.2.2.3 Successor-Predecessor

Since relevant words tend to co-occur with a small set of predecessor and successor
words, the Score function estimates the relevance of a word by measuring the vari-
ation of the frequency of its immediate neighbors. This is done by first defining the
successor Score function SCsuc(w) for the words that immediately follow w:

SCsuc(w) =

√√√√ 1

‖γ‖ − 1

∑
yi∈γ

(
p(w, yi)− p(w, .))

p(w, .)
)2 (A.9)

Where γ is the set of distinct words in the corpus and ‖γ‖ denotes the size of γ. Also,
p(w, yi) is the probability that yi follows w and p(w, .) is the average probability of
the successor words of w. The joint term p(w, yi) is defined as follows:

p(w, yi) =
f(w, yi)

N
(A.10)
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and
p(w, .) =

1

‖γ‖ − 1

∑
yi∈γ

p(w, yi) (A.11)

Here, N denotes the number of occurrences of word w in the corpus and f(w, yi)

is the frequency of bi-gram (w, yi). Similarly, we can define a predecessor score
function:

SCpred(w) =

√√√√ 1

‖γ‖ − 1

∑
yi∈γ

(
p(w, yi)− p(., w))

p(., w)
)2 (A.12)

By taking the average of the predecessor and successor scores, we obtain an
overall score that can be used to estimate the relevance of words:

SC(w) =
SCsuc(w) + SCpred(w)

2
(A.13)

According to this method, if the word w is followed or following a lot of different
words, then the score of this word is pretty low; if the word is frequent and has a
small set of successors and predecessors, then the score will be high.

A.2.2.4 Successor Predecessor Quotient scoring

The Successor-Predecessor Quotient (SPQ) measure is another statistical metric
that measures the importance of the word w based on the quotient between its
number of distinct successors and its number of distinct predecessors. The SPQ
value can be obtained by the equation:

SPQ(w) =
Nsucc(w)

Npred(w)
, (A.14)

where Nsucc(w) and Npred(w) represent the number of distinct successors and pre-
decessors of word w in the corpus. Experimental [da Silva 2011] results show that
SPQ is better than SC

A.2.2.5 The Islands score

The Islands method extracts a word if it is more relevant than its neighbor words. In
this approach we compute the average relevance of the predecessors and successors
as follows:

Avgpre(w) =
∑

yi∈{pred f w}

p(yi, w) ∗ r(yi), (A.15)

Avgsucc(w) =
∑

yi∈{succ f w}

p(w, yi) ∗ r(yi), (A.16)

where p(yi, w) means the probability of occurrence of bi-gram (yi, w) and r(yi) is the
relevance value given by some generic r(.) metric, which could be the Score function
or SQP function. A word is considered relevant if it satisfies:

r(w) ≤ 0.9 ∗max(Avgpre(w), Avgsucc(w)). (A.17)
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The above techniques identify potentially relevant words based on different prop-
erties than frequency. While these properties are interesting, it is not clear that
they extract good words for the labels. Ideally, the computer should understand
the meaning of the words, sentences and documents to extract good labels. To that
effect, topic models take a step in this direction.

A.2.3 n-gram Models

A n-gram is a subsequence of n words (w0, ..., wn−1) from a given sequence w =

w0, ..., wN−1. It is generally difficult to model P (w) directly, nevertheless the fol-
lowing chain rule can be applied:

P (w) = P (w0)P (w1|w0)...P (wN−1|wN−2). (A.18)

When we condition each word on at most n−1 previous words, we obtain an n−gram
model.

A.2.4 uni-gram model

If n equals one, it is called a uni-gram model. When we get a word sequence w
with N tokens, we can denote it as w = w0, ..., wN−1. Then the likelihood of this
sequence is assumed to be the product of the probabilities of each word separately:

P (w) =

N−1∏
i=0

P (wi) (A.19)

It is common to approximate P (w) by the relative frequency of wi:

P (w) =
Nwi

N
, (A.20)

Here, Nwi is the frequency of wi in D.

The uni-gram models makes the assumption that each word is sampled indepen-
dently and identically, ignoring the relationship between words. Such assumption
is suitable to represent chunks of loosely constrained activities where the sampling
order is relaxed.

A.2.5 bi-gram model

When n equals two, we get a bi-gram model. Consider a sequence of words w of
length N . The probability of this sequence is computed as follows for the bi-gram
model:

P (w) = P (w0)P (w1|w0)...P (wN−1|wN−2). (A.21)

P (w) =
N−1∏
i=0

P (wi|wi−1), (A.22)
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Figure A.6: The uni-gram and bi-gram representation

Let Nwi be the frequency of word wi in w, and let Nwi|wi−1
be the number of

occurrences of the word wi following word wi−1 in w. When training by maximum
likelihood P (wi|wi−1) = Nwi|wi−1

/Nwi−1 .

The bi-gram models assume a relationship between a word and its predecessor,
it can be used to describe in a relaxed manner the relationship of the sub-activities
composing a loosely constrained activity.
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Discovery of human activities in video

Abstract: The main objective of this thesis is to propose a complete framework
for activity discovery, modeling and recognition using video information. The
framework uses perceptual information (e.g. trajectories) as input and goes up to
activities (semantics). The framework is divided into five main parts:

First, we break the video into chunks to characterize activities. We propose
different techniques to extract perceptual features from the chunks. This way, we
build packages of perceptual features capable of describing activity occurring in
small periods of time.

Second, we propose to learn the video contextual information. We build scene
models by learning salient perceptual features. The models end up containing
interesting scene regions capable of describing basic semantics (i.e. region where
interactions occur).

Third, we propose to reduce the gap between low-level vision information and
semantic interpretation, by building an intermediate layer composed of Primitive
Events. The proposed representation for primitive events aims at describing the
meaningful motions over the scene. This is achieved by abstracting perceptual
features using contextual information in an unsupervised manner.

Fourth, we propose a pattern -based method to discover activities at multiple
resolutions (i.e. activities and sub-activities). Also, we propose a generative method
to model multi-resolution activities. The models are built as a flexible probabilistic
framework easy to update.

Finally, we propose an activity recognition method that finds in a deterministic
manner the occurrences of modeled activities in unseen datasets. Semantics are
provided by the method under user interaction.

All this research work has been evaluated using real datasets of people living in
an apartment (home-care application) and elder patients in a hospital.

Keywords: Activity Discovery, Activity Models, Activity Recognition, learn-
ing, unsupervised, video retrieval.
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