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ABSTRACT

Recognition of human actions from video sequences is an active area of research in com-
puter vision. Possible applications of recognizing human actions include video surveillance
and monitoring, human-computer interfaces, model-based compression and augmented re-
ality. The motion of an object can be captured by its trajectory. Analysis of human
perception of motion shows that information for representing the motion is obtained from
changes in the speed and direction of the trajectory. In this dissertation, we propose a com-
putational representation of human action to capture these changes using spatio-temporal
curvature of 2-D trajectories. This representation is compact, view-invariant, and is capable
of explaining an action in terms of meaningful action units called ”dynamic instants” and
"intervals”. A dynamic instant is an instantaneous entity that occurs for only one frame,
and represents an important change in the motion characteristics of the action agent. An
interval represents the time period between two dynamic instants during which the ac-
tion agent’s motion characteristics do not change. Starting without a model, we use this
representation for recognition and incremental learning of human actions. The Dynamic
Time Warping matching is employed to match trajectories of actions using a view invari-
ant similarity measure. The nearest-neighbor clustering approach is used to learn human
actions without any training. The proposed method can discover instances of the same
action performed by different people from different viewpoints. Our approach heavily uses
the properties of 3D epipolar geometry and employs rank constraints in matching 2-D pro-
jections of a 3-D action in order to eliminate the distortion due to this projection, without
explicitly constructing the 3-D trajectory. We also propose the use of a rank constraint on
the fundamental matrix for spatio-temporal alignment of video sequences. This rank con-

straint is more robust and does not require actual computation of the fundamental matrix.




Therefore it is easier to compute than the previous fundamental matrix based approaches.
We propose a dynamic programming approach using the rank constraint to find the non-
linear time-warping function for videos containing human activities. In this way, videos of
different individuals taken at different times and from distinct viewpoints can be synchro-
nized. Moreover, a temporal pyramid of trajectories is applied to improve the accuracy of
the view-invariant dynamic time warping approach. We show various applications of this
approach, such as video synthesis, human action recognition and computer aided training.
Compared to the state-of-the-art techniques, our method shows a great improvement. This
dissertation makes two fundamental contributions to view invariant action recognition: (1)
A view-invariant representation of action trajectories based on Dynamic Instant detection.
(2) View-invariant Dynamic Time Warping to measure the similarity between two trajec-
tories. We have successfully applied the view-invariant spatio-temporal information of the
action trajectories for both action recognition and video synchronization, without explicitly

reconstructing 3D information.
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CHAPTER 1

INTRODUCTION

1.1 Action Recognition

Video is a preservation of data that is of importance to humans. Video information has
become ubiquitous in forms of surveillance videos, web-cams, home videos, major motion
pictures, etc. Among all these forms. a sizable percentage is used to observe and record
human beings performing various tasks in a diverse set of situations. Thus, to understand
and analyze the video data, a reliable recognition of human actions is essential. Researchers

have been continuously making progress in this area throughout the last decade.

Human action recognition systems find primary application in the following four areas:
Surveillance Systems, Human-Computer Interaction, Interactive Spaces and Content-based

Video Analysis.

e In a surveillance system, subjects are tracked and their activities are recorded in
real-time. Furthermore, those activities are classified into different categories. For
example, in [44, 3], computers can monitor some specific activities in an office, a
kitchen, or a car; and in [34], the system detects important changes, events, and ac-
tivities, flags significant events, and presents a summary in terms of key frames to help
police patrol electronically. Other similar systems were presented in [22, 36, 41, 44|
to facilitate automation of security systems, monitoring of office environments, auto-
mated supervision of children, etc. The unusual events will trigger the alarms, and

the usual activities can support the study of psychology, and develop working envi-




ronment. Robust recognition of human activities is the primal problem in surveillance

systems.

e Interpreting human response is literally half the problem in developing effective HCI
systems. Representing and understanding human actions are obvious prerequisites
in eliciting meaningful responses from software user interfaces, virtual instructors,
robots and other HCI-based systems (40, 10, 55, 23, 74, 72|. For example, in dis-
tance learning, the emphasis on a topic can be learned from actions made by the
presenter (71]; the recognition of actions is also central to the automatic decoding

and translation of sign language [65, 80].

e The union of real-time graphics, computer vision, speech processing and synthesized
sound is a new medium where people are immersed in a virtual environment - the
Interactive Space 7, 11, 64, 1]. In such environments, human actions are the primary
input, and the ability to reliably recognize such actions through video data eliminates
the need for bulky body-position sensors. Furthermore, the generated media must
be consistent with human perception to make the subjects comfortable. Therefore,
the requirement of understanding the intention of subjects through sensors data is

important.

o With the advent of large digital video libraries, intelligent video retrieval can be au-
tomated by representing and matching human actions (83, 15, 53, 2, 32, 58]. For
instance, searching for video clips containing playing tennis sequences could per-
haps only be realistically achieved through human activity recognition [83, 15, 53|.
Furthermore, higher level semantic interpretations like video annotation can also be
automated for movies and television shows through the analysis of human actions

32, 58].

With further improvement of computing power, there will be more and more applications,

taking video as input, helping computers to understand human activities, improving the







